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B RAERIEE AR AR, ATHfkE sl e s a ARK D) RGBT
SN TAER E 3" (Automation of cognitive work) (Korinek, 2023). ‘B TREMBRARE ZMt &, A &S
AFFHAT MR R E—5 B SR TS TR TS ST “HR TAEE ", IBAKEFH
A E T TR TAEEE S IO .

GFFEFNEN AR TARE , 2T FATEIX AR G . BTFE R B TR, iR, g sl
LAEIES, G IOE S RAGER T B PG IEP i i aRIATR A O*NET X T & 52 K IMAE:
Sk, 1 GPT-do KA Z P LZ R NTHGEHZ N, K FERXCER 64% TR T N TR Z
M~ NLERER) REA R, — MR ST EFERROR, ARG H A5 Q0 2 A5 SO 4 AN
BERES)? AR MIRATES : AR B T RO AR B ARSI, FRATTS Aol 5587 i L& M F
BEMME? HEERE, WXL T B A RIB aRAE T, By o m A & g A ?

sEalE, RATAEVSRE S N TEBEAEN . REEM, KRBT AR BN B 3fiF 2 I,
Feanig et 5 e WA, Btz s, FRAOTE T AR IAAUE R B O T ARERT 5 2 XG2S, R
FAMEEH BB R . BT &R HE TEZSN, KiESEH STt 7R TR . 4
w, RS KEEUR 7 RS AL T 2B AR vk . X SUROR AR BB S A 5 2f AR AL E B, a0
K. BRGSO, AR TR TR A A 43 . TRl RSB B AT N RE AR
B, WARTRE TR SR X2 N TR RE RGN e, (5 BAL B HIASRIE AT R, HE
TreFBE R QIR B S AR T RIITR A 55

AL BEIEMAETH R EHEFZMHEEHSPEAE SN G RIE S HA R BORFN AT . A SCE 5
Mt B2 A P2 i — B R &, e ROE S AR A A HR I A 7 iR AR RATTHE T ORIE S RAE
KIG . $EH ., IS ARV ENE R 5 X SRR T E R, FREER IR EI T A
IR ZAL . AR, IALE A DATERF T 4R SE B BUA AT 55 1 B S b AT, FEdcEe 4
SCHRICEL . RO S Bl b, ORGSR ML SRR SATRCR, ¥ et e R R iR E
INHIAF ARG S B, RIEFEAWENE TSR A LT, JuE T B RCH $& e @ shil, duk
Z MBS it g 1 S A e I RE ST . XE A THE X At R AR R RIS R AR L TR
FHELL, I BT AL T IE7R .

VoIS A SO T RIE S HRBROR R . F58 b, RIBESHEFRNMERE, B R R S AR BT
YR T —ia s (Next Token Predictor), iX—#/id /T4 T 5 KB X —RIIARE . Sl
BERTE, FATAT AR AP HbAE ) OBAY H g H S A TS G AR oL, AT B M0 Wb %o o OB Y B A ) g g
WX AT, I MR, SRCRmAH AN TR 6.

Bk, ARSI AL R Ay i M T R @ APT P AHIERE DA E A TR
W T W, GRS g a8 DA AR BRI R R o X — om0 o oy 1) B ] 3 i oK T

ARSI RS KR BB, AL (Artificial Intelligence, AT) 3 7B A LR A, MR LR AE LS T REFBE, SRR, A3
FEGHERIEF NN, s LR SO ARG, A3 AT, B S ORIEF R




2 AL RagER AR 5

TR ERFE AR, WFFEGEE APT U5 GRA DI IRE TR, WFRZE EARRAE .
BEAEAH T SEHEZE A i, AR KA | O R E 22 R AR A FI LR, T — e Bes i
FEHREE M LA,

N TR AR R G, A Cn R R Al B P . N TR R IR R 58 i 2 okt
SPREDURP A @ 25 BipE BRI, DA, 12, AT WA OIEAE AL, SCHRISEE . AfFoeit
STAE, Byumpoe f I EGE s 1N BIRE, AT RERE SCRRECH T SEARAL B VE MR REIR, AT WIRAIT
T SRS, AT E T TR B A BEE T ZRIERA, AL XRS5 R 510
BTG, X BT B8, B TR R BT R FATTRHE T R SR AT SO 4 B DA SR RE
PRSP REERE. )5, PR —SIrErT, BieEmnl DR AT B —A “AY, 1EAT
TERFTEZ B BRI, MR AR R I LB . XM, RIS R Z 61 K&
FERI], RS R RIS . AU RN R A R E A Y R, A EXEORGIRELL 5] &,
AR BEEATE 2 EA R .

ARSI FEETTRR AR BN AT P IT T . H 58, RSO A5 BHEI 0 1 R N TR RER H 45
P TEARSCZ AT, Bail (2024) MBGETHAE R SSHifELsLsn. B afb WA 8T A SRS R @Y A~ Jy T
PHE T AN T REMGEAE SR 10T 1. Korinek (2023) FULEIARTEIS SCERER T RiE S HAIE BT 20T
FPE RN A5, FFRIEER KR, BPEEH— R . BRIz Ah, A RESCRIER T RIES
BAESCAI T (Kok, 2025) PARAT AR (Horton, 2023) <77 Wi EAA N o AR ST = AN X — 303
WRIEAT TR — e MAE S BEAIEE N S B S B SORA TR &, RO T KRR S B A 2R
SHNRAE P B A A AR T RVER, A AALEMESR L TRE e 5 —Rild X AT TR
WA P A A 6, SRS . AMMREA R T HAES TSRO N 5 =R mm &t
EHIE , RRE SRR BRSSO AR DLEAT T IR AN

HIR, ACPAGTFE PN E 5, PHE AN TR REE TP ER . AT T AT
AEFEHIEE R (Jia et al., 2024). = XA G (Noy and Zhang, 2023). 7% %] (Boussioux et al., 2024) 55
BRI . SN S, AR SRR B A IR R BT TS 82— AR SGRIE, A
B RE ) At 2R E R B OREE ), SRR sttt m . WESE X, M Al ATEE AT R 4 5
PR X —i2 0 B 5 Gans (2025) BT iy AT VR . BRSSPI TE HESE @ — 30 . Aot
B AT FOR; (EASCHE A Bl LB 2 TR B AL $OR, 38 X B AR 852 55 3l 5 BOR2E > I
6], AR BT R ST A HER) A5 G E S PO VR Se S T A e ok SN & VAR AR B i) BRI AT IR E

2 NTEREHCAFE SRR

FERRIHE A N TR GBI R 2 1, FATE B2 0% — oo FE N TR REHCRCA — 24t
SFEREWRE AT RIS L2 a4, 18R (Computer) 22— HE, 20, HERHE
BmBE KRB, mmA iR e el T EE Bt N TR R SR R 5T R
IR AML SR 2, O BADRIEE RN GRS BT E dF A Ofe th I, 2175 17 DU 48 B St
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o, MRIEHSARIEIE, PRSI IEIE, oSOy eidrsh, NIRRT SR R, X RIE
s, XUEEWHZZH/MES, WIBE T OS5 IR, AT —Fh@ H R (General
Purpose Technology) (Eloundou et al., 2024), %I F#F5E TARR LA MESSHRRE AL GO, F5 2 LAl
AL SR AL

M EAHELBEVTE A TE S, TE— P RER S AL ILRIEA R RRA = R 80, A WA 55
el AR N T HE B aheny . WL el N T RE AT DA, SCR MR IR N TR R 7 A TR 31
T AR SN LS, ROV RS A THBEEE, it 2P R,

2.1 ANLERECANAT2 7

NTHERENT SC LB, i@ E@Las (Intelligent Machine) YRl TH (McCarthy et al., 2006).
MAN TSI R BIIAE, A RKEOT 5 =B FUWE TR R UE SN B B Sl
g OB, PARAE N TR BB B . JE PR T RRIK S . BEE N LA RERAidE A R I Az AL PERE IR
Ay, NTRERRIFHOREE T AL EE, H S5 SREEM X R WA K B2

R BT AT SRR N TR REX T AL B2 i 52 00 ] DA R 00T e X 32202 PR R 20 Hy A3
LR IETA, R t Ao 4 S T U A HERE . % ZATRAYE R, MR T LR 2 BE
TCPIRE 2o o XA N TR BeATE AL PR i A A B ARk BN By o SR TR A5 T — & IVERT, (B
TR BN IS T R A A & . LIRS 2R, @ BEE R R S, BREMN+2E
{38

FEAGAFE T BT BAG , N LR R SBE A OO A TSR, AR 4E. SR Ege Al
BT H IR SRR CTHAE” M9, F8AFE LASSO [|H. ZHRrm &L sk SFELERMR . #hE M
AR, Gu et al. (2020) MG TAHLER 22T B =MA%0 W 55—, DATIINCA =28 H M s 4Gy ; 58
., PAIENME (Regularization) JyVAZRMRIXFBAUAER A MG =, ERZGEITEA b TRk
BRI RGE. X B BN LR AR B i s i 32 B e A A # T, RO LA 2% 2] 7 iR S Bkt
B A A . BAAORYL, Plass > W E R BIAEGE T BB ik | (Athey and Tmbens, 2019), 140%}
LA BT EAER YT (Cong et al., 2025; Gu et al., 2020). i fH AF LRI AJAG 5 A2 (8 A IR 2R 2244
(Chernozhukov et al., 2018) PAMAL T F R4 AL BN, (Wager and Athey, 2018) . 38 i F7 )4 A7 25 b 3 S AR
AR LER AL EE (Gentzkow et al., 2019; Mullainathan and Spiess, 2017), %5%4%.

GitPEr I RE PR THSFERNGIT LR, M TSR RIEG T 2 S TAE AR A A
B, 0P ARG SR T Hofd . FEHARAR R, — e THE P R TAME SR 2 R TG, 51—
JEWAET EAMT A G EER M IO EMRE S . A, FEERESIWRD, N TR REArERIAmN N
TSRO Joy BT R BT () R A E . M IR AR 7 o M b Rl . BT AR 2erh, S B S i
751 B 28 R e R B2 ) BEA TR 3 o DRI LGRSk BB, R BES 2] A T AU LH (Method of Innovation)
(Agrawal et al., 2018). fAIIZEC A AR EAS b, AT AIE TR sl A A A =N BIHT (Gans, 2025); 456 H
MRS TR UE, AT DA S R AR RO
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AN TRERE, SCHRKIEFERAH I, o T TR EEE SR PR A5 (Bail, 2024;
Korinek, 2023), KRS B —Mp /g, RS BB ifieifhs. 2R, Aaee oy et
TIESERE S, BES—UCA RN SR R DR RS ™ A AT SO Ak R i BEHO F AR TR B
RIEF AR T AT, 2 SRl R R . WERIZR, KiEF AR Bt Rl ae e
BT 5 30T B AR BT AR BhIRATI 3SR . B E0ES . Bl iE S it 1AM TR,
M A ARSI B AT A B AT BT 8 T B Al . AR BRI R TR, Wl DA KiE SR
i (Farrell et al., 2025). MMERARWZEE, EESHESHE T CAOMEALZ S MK E, A
171 AT DARS Bt S Bh GARIBCAI L R A AR L BOHRRIS . TE A T R W] AP AL BT s R B R A At A —
F, ERrTRefe It G A CQNE™, IR BB R B PR AR .t 45 N TR BT,
AL A[DVH BB 5000 AL XT3 s gl s, T, MERIPESF RS . AT o] AA SO
ARSI G, TR A RO X LB SUSR AT AT PR EA T PPAG AT IS A9 Y SEL B

2.2 NTRBEMA T2 7

&L, AL a2 B ARA P R — DR AR AR E N, IRkt SRl S % LR RE T EMR
B2 OB T AR, FATHEAGET A TN TR, 1€ AL WREHERREL, HARERA ML
REJE AL LR . TS 2, Xoe—FE S “Hhe” RIT TAERAE

AT EEEH S H DR — RPN 7Y - W Z i e N5 —— At di
PR AR, £28. Drses K s, AAMZHIRA ., AR WRINITFK. B BAME
FOERIE S, BERSAE— BRI R SCAR . RS FRATTI BRI AR I X T 55 3 TR 52 5 i BEiE?

FATH RN, B T REf IR 253 2 TRYBLG:, (EAUEMAZ 32 I —2 5 KEERY IR, Baihg
PERIPRR R BE . X2, 875 T AL BARTRBE DM A SR KA MR

AL GBI KA R T EA A G A . 35 G RA =D hE RIS SRS,
PASZAE Bt R R G o AT sl ik o M B SO A R U . B2 EEREE], fERAEREIE (Al P
I, SCEEAM P AETE) RS, IR CBEAT. SRR BT, CHEE7 XN AR
W TR RO VR SO . BB, “BRIE”. “HARI”, “GUE T, “HEMIE” X HiC e w  BAEA (L
MBS, RN “L Bk —3, BMa i, XEPLERS S, WK, T S5
LIRALE—if . BT EIARORGEGR B, ARBATA B R MBI A ARRE?” RS
—BIRI AR, WERARZ

HRPEDT S, BRI SAEE AL HARTET R, g ALr]

HE A, AL . TR A AR, M B S5 fe b A

At XBIRLHAT ATt T I E RBLR 7
SRR RORMRAT G2, (HEMRARIRZ e . FL L, 1Y - 2 mimirER, bt ar
BER @Y, e MR 1797 3h 0 TR . W - sttt SR S ook, e T el _Ead SRy
A, THER T RTS8 TS e, SSHl T AL Joikab RIIARTGER .
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—AEIE RV R ERS . RSN P AR R T 1R R, DA AR A Y
PEREEAR . EBEE B, WY - W= s AL TEMEIR MG, B2 & el.
AR T T B, AR SRS A 2 T R 37 3 T AT X A 4l
AKEBART . BURACHYE o MBIE T BT XA, R — ORI BUERBLE] : AMARIESKR B A
BTN, WM B Rt TS BRI R . M2, AL WA RMEHE AR, (HAZITIEE]
AR SRR RIS S, RACHIRMER . ERA A R rsiil. 52 B RRALR . AT
M “A F1 B RRFRIEAAE” . M2 R, Ersiee: “BRA T A (373150 1), IrbAeET B (4
PEOROARTE) , HNTERLSZ C1 (LA ) . C2 (14 TYIHRESS iy mta]) #1 C3 (fedt THLBm
KT o XFR CHAAT BIRSE, XA RS IRE Sy, R BRI . AT FER KBRS R A K
EAERA NEHRAMEZEA TG OL T, EMELA R S PR S s, PR A TC AR RS R PR R B . )i, ik
PSR MBI S, AAEAEAE O R S RIEYE Hobs . (EE1RY AMULE AR ZF LN B, EE
— A BRI AS. rAE RO U I A E R 1, REBE RS A —A ik E E R
I HYs. AL SCH B O, SR ERIR. Br “His” Ao Ei/ME kil A3l
FEAE S H T R R R SRR RSN, TN e AR .

XA LG PR PRBIE I B SE IR FEIT TARRYBE ), S AL A ZOR RIS “H Ay R T (Mills,
2000); MAEATN N, XFRENEAAURRTAE K. N AL BT IORE IR M, St SRl
MRS AIR, AR 2D Tiran LIkEl . B TEESR . B AN B R R i A .

Bl AT, X UIREB R R RS R B URRAT R A AT Bin, A~ AL
SEAT T D SRR R AT RE AR 100 ANSEA AL R REIAL S, AR R MRS NAEHE,
WE SRR T A ZWNETHR, %5, ATTEX R TR 5856, Bt TRaER “BHE, HEr L
EREIO k. &1, A PEERERRE L, T — P E T O/ R . AR RS ml A
AR TFRE P A7 MEE R SCFAR A 2B ? g2 58 Mok A “rplady” B b B i P s g
BIEEZ W E? AR, RATRIARR MBI R R B, AR Fah iR SRR . AT TR
ARG o g5 2 iR, Jral A 15 T AR i (Ludwig and Mullainathan, 2024), A FGEHABRA
KM A (Wonder) RN,

AR IR F LT AR, RBNEIRL . BTSSR SR R ALY TR
7, SRR B I K. X —P5ei TS ) RHRESE . IR SRS W] RINFEH 5%
SR RS, SRS . A IR ORGSR B, T AT AR RS L 3
AR iR K B TR . IR 807 TRMES R, EATAOCE R R 0 a6, i n] LA R
MR A A= 5 2l

=R MR R, SRR, R AER AR AR . — N IRSL AR I B B R
AR, g2 LAWK, B2 a4 R R o RO AN RS, 22 4
B XA AR RE AR, e B RS M, NAB &, T — R85 ] AU ay
A DARFUETER, REETEA A TE M, FEAF AR EAEN o XA IR — A R AR A T —
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G  nEERIAG IR R BEE
e, BOBHESKIN A SEis , A EOR [ B BLSE A, 2 2R, XY TR “UEfh”
PR PHESPOERIE SN LTHBH . EAE XM RN, EERRNBZEMEE, Wizl EitA.

2.3 #HERERY AL fEAREIEr P fe

LiERTE, AT BRI DMEDFTE R A — B BOSCI A SR E R T, AR TC IR U S Rk A il g P
WSS, EREIA NER NS 0. X TR AT IrgfCRssst, IERAE SR A AL E1E
TGS BT o

NTEGERC, B2 RZ O EASBES TN, BRI XS R ERZNA . (LSRN
Bt b, FAC N E AT LR “FEm F0 SRR i R SRl SAE TR AR . B PERR
o SRS TAE AT, AL SRR BN R TR AT, Ly TR EIEA LR i A
o AU AL BB TCRAS “HIME” , REBHAEIT SRS, FRRHAR T oAk R ) B HE

B OE o

HAPER RSN E 5 X eRs . AL WTRAMEEEE, HARRTEEAE L. ttaflx
MRS, AR ARSI ROARS XL SR B BAT B X A~ H a2 m S i AT ROt S B
FRA WA R R KA PT TS BB . EREARTIT AA IRCR , S BE AR i A v i S A A 2 Bl A
(X S M R4 B2 N EE A S5 S CE K, AEAATRE S LT R R i LA 1 . A BB AR
oy, MATREAANG . MR RARRE . ST EIR DA Ay 16 . IS T A TR AR (R 2Bl R AL
IR T

HARARNAOA T, R SAAGRMARRE, i — IR R K.
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% 1 AR SRR R B ABLEME

=
S
=

taPeER
Bl Ve $fftrm . WESEX

Al
FHEDAEI : SROUHUEL, S KK

1. KRG

N

- B

w

- HEg

N

- R

[}

- Aefk

I R A REETR . S SRS,
KA TR PRI AL S BAR
WROIGIEE . BE R, B adef k4,
Pt AR KA

BTSN, MEX S B REA O, fEh
IRAVER A" . KF AT R IRH %
Y, FAA R R B2 L. E CBFFEY
A HI SRS

RGN LV O, f& i A
AR R (A0 “BEARILH T, iR
) RIRIARANT .

BUIRG A : A AR IR (0 P R e 2%, ik
TSR, P T Faa i sl . 24
FIA AR .

WEFEBEVE: BT REGS ARG INE . HERRIRIE
AR SEE . MESSE R BIIRTT R
ORRRE: X AL T AR BT RN
PRI BRER BRI R, g, Bl
PSR T 5 A S B

FERFGERLILE (3] A SIS R, LS
f. B BHFRIBORAI, B4 RSER
Wi . TRATTRICIE PRI, I 5 51
LB

M SR AL 5 AR S5 H AR (SOAs L IRIR
HOPRATESE) U LAY | B U . A
IR TCIEAL PRSI b BB S,
A RIE R IR E IAE H

i A SCRREEAT B4, BRI
L BRI R I R B B B fR s o il
Bk G 5K L3 R T A L ARG 114
FLRT .

IRV A - BB A A R 2 R
S TRAAUR T, SO IR “TERPRL

ARG B R SR P PRI
il AR, PEATRCA G B
EREAUFRIEE T BEA TR RS , A5 30 BRI K
TEZ Bk

Bolihar: B A BRI A, AR
DB HEE AT U, AT A SR
AIPRAEW Tk o K H il A THE B IR
SRR A UESE -

ACHERIR R AR B I, BBk
JCA 2 T BRI AT LA 11 3% AR AT [ S [7]
A (WARR. BORHIES) WSCARRA .

3 MK AL REBIAHEAR O

EH B R EEARE MBI, AUREE ANLRBRRAHR, 05 FHERIT AT RSO
B AR IE g RE R PRI AE NG S, XTSI VI SER BBV h i R Ar . I AER, RS

BRI B T IR IR . DATE AR R A Bl N T REBOR C ) LT BrA 48 B AR AL BT 55

TR B SCARPRRRE ) . S REIAE )y, R BRI —E R AR T .
SN T REPTAG A B0 & Ny, (HER B s A 88, S50 b, PAZTHE AN K Lolb i id 19
PR . BAEERIIER ST, se &l DABAR AT R i 8 . b, i A TR e AR S TR b

10
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AT HATHAES A HERZIIKR . I, X TEFERNE, ER AR EAR R =R E L —&2
AT RN A R IR T B TR AT R B @ DANTRRENE “fhiliz
A7, NEENIAT SR B AR &

ASER 3R 1 SR R TE SR S I A, SRS X R S R SR T Befi— Mtk . SPr A Set
Plares IR, KR SRR HR A o 8 AL 2 )5 s ZE A R I G R T e e
S8, H g IS RPN . TEPARSECZ G, nT AR S L i SO A b A TR
B, NIMAEISGE , N TR AR . f)m, FRATRIZE SRR R i 5 R M A S N5 78

3.1  KiESE BN LRI

JTXERMIRIEFEAL, 2tliE BERT fENASHEARZ N BEFHER A AE AL, P SO RIE S
A, WHERZPA T5. GPT Hl DeepSeek AR A AR, R FHRA N K RETT T IUA K A3 51
2017 4Ef Transformer #%4, 2018 4Ff) BERT %1, 2020 4Ff T5 #H, 2022 4£f) ChatGPT, PAJK 2025
4E 1Y) DeepSeek. X LEIN[H] Y i bp s B BORBE AW BT RN, SLFEE T 24 5 FA1 0 B R HE SR

ST IRIBESER) KR, THET 2017 42 H A0 Transformer 5% (Vaswani et al., 2023), iX— AL
FEWZAL, AET I YR B S5, R T LT SCZ MR KRR KR, BOE T 244 FERIE S HAR SR B
fiith o

2018 4, i 7 BERT #i%4 (Devlin et al., 2019), X —#ALEF Transformer FZL K], AT
“HONZ-GE” JE. Il TG ——ROR" 53, R R KR — A SO EXSE SR T ISR, AR
JEAEBAT B AL S5, AN A B R A TR0 . BN, TES RSO RS 24, T RAE Je ] TR B 4% 5C
AH, WIGBEA T I5 5 1 — AR PR A R s (0 1000 Zebpid 5 m) e s bndl) X2
BOlATHoR (Fine-tune) . FEZTTERABFTEH, AT AR FSEINZEFR) BERT B84, e R AR b1 700 ,
SEPUR AR E AT 5 TN RE R kgt . Bl inSiano (2025) I AT A2 SO B A R A5 R B VR R AZ
i, T BERT #i%4, Huang et al. (2023) W24t G Rl 405125 T FInBERT #2244,

2020 4, Google #E—HEH T T5 BB, X BAIR) KRR X, TETl “454 + Bl MBSl T
FRIUAMES R —5E (Raffel et al., 2023). FEMZH], SCAEM. 2. B, REE5, #HZEIISGL
FIRREAL . TS B SERTE Tl W i o], R — DI SO BT 55 (4328, e . A0 ERIASE N
AT, RFEZEING— AL, gl RS a (55, Blan, fA WG R RSN 4 R, #
A d BT B0E T A PSS BEETTIA A RRBK”, B 6k Y S SCRIE
AAFE, T5 HAE ERI LS IEFHA G TR Az T 2408, T5 R 5E M H
AR

2022 4E)iK, ChatGPT i1 A& 7AW T N TR RE R B KT . 52 Al A B A L, ChatGPT
RO R IV, BRSO A AT A AR E IR IR, Bk TR S BB I R Y,
MBI RLAF N . ChatGPT FEFIZh- T =Cny Bt b, ZERURBrBeg A« RO A1« NZE Rt fesy
27, AR R A AT A I AR AT AR R R IS, i1 ChatGPT FILH THIAE
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AT HATERE, BARAMISE T AL BREA RIS

2025 4F, DeepSeek HYHfEHfi—K5 % Tt &K #: (DeepSeck, 2025). MEARKIEHIAESE , DeepSeck
QR T HISCRITR R B AR S SRk 2k, RIHBCE T T Tk — R A €K (Mixture of Expert) HY45H,
PRAR TR s s S, AR B AR T A s il st iy o, AR GEE R ERR
Hep e TR . MR, DeepSeek HYHEH MIACEE 1 Al RS2 Aball g 52 N T4 e 43
WALEIPRAK, PABCH AT KRS KR AL T T fE

3.2 Kifi S BRI B A R

T B O H AR AL NSRS, HAA A 0] DA X 5 7 21 AR s . AR,
T AL I ) RSO, EIR TR Z R GET T URANE SO R, AT RERS A AT i = AL i SO

SRR R ES R AR — RIS, i —RBEIT (Token) A, TAICRI AR T BE. ARAT
e B aUT & B, —3ESCR g —Moe, — AR AR — DT, —HBEBF R e —A
WG PTG R, B IRFEE IR DTS, AR S A TR R R gt — A
AT A — AT A, i — B B SR ] DA — SR AR C P81 ol i F i R
HATCIF AN, o AT AR R [R] 4 MU 6 F RO % R

ANIFTH) V75 B A A R IR DA R Tl (Tokenizer) o YFRATHA—BOCTFIT, il i fe o ff
HAHORRIIRTE, FEma i e g s . B () (8 LLaMA BIRR T b 3o
FRZEB . A FHEA T AVLEEEI DA T A BRI A -

o W, — IR AT, BIAHER SO, AT BT AT R T PSR,
BT T KBS P AR AR A RGP LR “APFaET AR “ETET M “T, KARBUA
A BEFRAR LA R <27, A AT H CHTeE

o R, KRELEINECFRPEAKMER . “12345678907 B4 T PUANATG: “1237, “456”, “789”., “07,
BIK, R SR E TR AR . X — 0] AR AT 2 RIE SR E AR Z AR %
VIXE, BUANTCIR OB IS/ N ©9.87 i “9.117 HERE/I

o Ih, KRIEAISHECFWTF L ASE BIRINEAIR TG, W “begin of text” F1 “end of text” . FrfyH e
Hr, HESRIEF] “end of text”, KEZLRH T i< HalfFIE, BIHRS TR TR 1~ 2.
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<|begin_of_text|> Many words map to one token, but some don 't
. Ind iv isible sequences of characters commonly found next to
each other may be grouped together : 123 456 789 0 itH K=
EX AR MR BREINSD) B LR RKEMN—TUZFFAEMB Z
FREEUFR, gi & 2 AU B 1ELFFIEL T 19 4 F ¢
7 B AER KAF RE Z5F R D (CCER), BEE BF F &/ A
DR BMMBZFRTENHERE, 2008 F X & H EXR KE
MR P (E M E %&ZBR). <lend_of_text|>

Bl 1: LLaMA SRS R, ANFTEICH A B @R

WRFATH X FoRFraTHchES, v € X Fon AT, B2aER, it —mih. be—
3, R ARTR A — AT RS -
(l‘o,l‘l, N ,,Tn)

B RB I, AR T AT RN B e S S G A

S IRERER N BB, BRETH LR (2o, 21, wn) BIER, WA e AT

n

p(zo, @1, ..., Zn) = p(2o) Hp(xk|$k—17 T—2, .., T0) (1)
e

1

BANARIR R TR B E 1 (Autoregressive) Z5H). Fidt, oy R § FITE. £0F 21,24 s, 70
Bl “ 1R (Context), Sbmid (Prompt). SAARIER, A ANMATCF IR ST A S A
ST IR T DAL R S ANATER S PR . ViR, M4, BT 2 Bt fh4 . Sk
R, SRE () TR & AR A A P SRR R

TERRAEET, sy () oy — R imNE R 2, MR RIS A S R R
p(@elzo, @1, 1) BOKFRH . UEEGT A KIA B B RIER , RN b AN 20, 21,
BRI b+ 1 AIIEY o (BRI, Rt R, SR ATEINAEEGHYE (Curse of Dimensionality) (1)
R AT X RN [X], TBAME 0 AFIE b — 1 AT XS SRR HP G
I A RAETR R 52 AT B , DABCT TR IR T AR T RIS O SRR . B, 058 — X LLaMA
BN et 32000 AN, B TR ES TN 6, HARORE 2k H L L.

AT 2 2 i B 4 MDY Y4 1K S BR T RO T S AR KR, AT
AT ik A (Vector Embedding) .

T ARAL A R BB F AR R HS 3T p AN G, B

p($k|xk—17xk—2; cee 7950) %P(CEHIEk—u%—Q’ cee 71:19'—11)
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Ay, AT DA R RO AL B A Bl . AR, p UL R SCK I (Context Window) .
TSR BE A R R SCREERY R, SR AR AR ER 20 %13l (5 Bt 2 O B 2 o el — Bt
AR F2 R 7 ) 2 —, e AW A B BRSO . BN, GPT-3.5 By B R SCKR A 16,385
AR, Tl GPT-4o iK% 128,000 4MAC.

XFFH R, TEERAAY A S5 DA R B /RBER B ER B 47

o B, KB HEREILIY . T O AR O AN TR R A ORAE IR BER R A
MIE, R EAREER, MR MR R AR B KB, R4 R DA
BEPLECR T BUCRAS I A SR A BIER), IEA TR AT DAL R I T 2 UORKE, RGP
(1 ] 5 o

o HU, FFSCR IR, P AT (R R I A R T U . AE R A,
ISR EHRAC 2N T 150, FRfE “HUR TH (Prompt Engineering). S HIZHIAIHEAL, —
SRR RIS O A P AR 08 L T P 2 PR M ey 5 —

o =, AR LA RS EIT . B, GRBEATZ B AR S i AR, IR S
@ISO, IARIFEEFIF—%E . BN RS Z S AHE .

o B, USRI BTN SCRBEIEFEARBIE I, EX TR, SR SR L L
WM AL ZNE . BAOTAREIFE B — R IEBEA AT, RS EHT R EARSTE, HEH
— BT SR . ARIBEA A BT S5 SRR = BRI, AT ARSI A YO 5 Hh S BRI
T ABRANE, RIGRREG 0 BTERT ARG T AL

Wik A SRR SRR AR X7 5 A S TR, A5SRAS RE 58 A Ui 5 1) v 4 )
A XHARERHE, TR FIR ST E S AR S . i, “db R A CdbmiReE” 2R
i, EFEENCR Y, AT SR FERALE . AR A SRS (One-hot Encoding) AT 1AL A &,
WEER T @ BRSNS 0 4R 1, HBE4ERC 0 Mg, ABA, XTPAAREREE  # 5,
P& & 5E AR 6

J T AR E 2 R IR X R, IS BAGEE 2 HHRA (Word Embedding) AR, B
SETHIARFBE A1 T B — AR R AE A 1) 25 (], (S A5-05 SOMTE A TRl TR 1) 2t s () R B . il
LLaMA3 B8R4 TTHRAF —A> 4096 4Er) ) s 2S[a) v dali A AR A - Mikolov et al. (2013) #2iH .
EICEAG E, THRENURE KR TE 2R, B iE AR A (Reimers and Gurevych, 2019). fEE A
(Le and Mikolov, 2014), T3 ZEBIA . & IRIGAESE . HARHEADS SR BUE &, FRATA T AREH
P ) 25 SRR B AT T TS . IR ok, i msE” 22449 N TR GRmEAR R —.

MIEERA , AR B R TE m dE AS [ T AR AL, MR IR BRI LT M2 R, WiEE
SO S HARE AT R, S EA T R RE R Y B R . B, CERBE i CERK
JEWFFE R #R] AT S SO B AR, IR ATE S S S U
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AR REN, JETERES . 245 BRI R Attention L] (Vaswani et
al., 2023), ‘EMBL T W4 RIEFHRAAEA . 78 Attention HLEIH, —MEEA =FAFIRA, 73 5FRE Q,
KRV, #%AWEERFEGER . TR 4 Attention HLEIZ AT, FoA15E0AE X T-M 2.5 (Qwen 2.5) FE7H
Hol, BRI — Rl A . e B) B, SOBIRLRHA TR R A A A, TR T Q R i%
NEFERATECE TR EE, MBI A AL XA, BT i FH, MG S EAE R T M)
AR, ATFA R, KIS BT AR AR R 15 8 [ 1) (Vector Autoregression ).

20 KBAURHIATE 75 5% ALl ) =P8
BT “You are Qwen, created by Alibaba Cloud.”

(216 AR (i 4 4k, J& 5120 4)

You 0.0012 0.0179 —-0.0139 —0.0028
are 0.0101 —0.0170 0.0058 0.0057
Q —0.0156 —0.0066 —0.0060 0.0405
wen —0.0171 0.0086 0.0061 0.0464

) 0.0070 —0.0015 0.0011 —0.0013
created 0.0084 —0.0297 0.0206 —0.0165

by —0.0762 0.0205 —0.0006 —0.0286
Alibaba | —0.0035 —0.0038 0.0108 —0.0009
Cloud 0.0130 —0.0216 0.0107 0.0220

0.0049 —0.0023 0.0060 0.0004

Attention HLH: JFHIHIDCYERIEEE  FRNTE LRFATERAL T BRI, 37T SR8 D2 A 4l P2 AS [ i
(] i R e, B U2 (Long Memory ). FEVHRZTFAH, KACIZF SR B 8] 551 734
I —RME R A SRR KICIZFS: — B RERARN M. 68 “RIERER", Ml T RciZm
FHIE. Attention AL AR 1 V15557 51 AN [R](7 BL 3R] T2 [ AR ARURE AT 4 P B g ) MRS O 4%

HISCHRE S, 24 B B AR ] — AN TR =R R, 2502 Q. KV, B— 1A n 17 d
), Ho n RIFFIKEE, T d e fARILER. Attention HLHIRE— XX =AM TIZSE, AL [
TEZ AR K FR . Attention HLI A AT AFER K-

Attention(Q, K, V') = softmax (Qj(;) v (2)

Softmax PREE XK :

eVt e’n
Softmax(vy,...,v,) = o ey =7 - .
Zj:l evs Zj:l ev
AMEF ), Softmax pREUILE £ T K AMBZ TT Logit K%L,
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A At @) iR, B, B Q A K A9ARL, WTRASEIR IR (02 1
SCHKEEHE (n 47 n ). R softmax s TR ABFEREE—4T, WTLAMREIA—fLmis 1, Hop
(4, 7) PLEARTH @ ANAXER J AR SR G, 0 AT n SIRER IS n 4T d SV OREEE
IR, HEIRCHINE. BT Attention 243% (), FATTABR Q, K,V SRR : 2 THET|%
FIOARTE, Q. K. V 2RIFRE# (Query). # (Key) HMfE (Value) Miff. il R “&if)” Q Hl “#E”
K Z BRI (B QKT), FAIMXE “fH” V BEATIRCT- : AU R A A, AR DB ARA A R AR
ST AL PSS Attention(Q, K, V), U3AGREET n 47 d 9IS, (A8 —17HH#EA T 5 L
TR R . Attention AL ALV WA AU EHAH K, o THICAZ L

BRI 4 AP AL Attention HUBLIUS , 253 A 20T B 2892 (Feed Forward
Neural Network) iz, i B.d) pimk, A Attention HUHII FRIBHMZMAR , Hn T MEH
#25T (Decoder Block). — ki o BN # 2 FRIE MRISAIE, X ULE KIS S MBS HY K7 1
Feii. DB T 2.5 9 320 12 (32B) SRURA NG, HoeRBE Tk 64 EMILEEIT; /MR 5T
KA 5 ALABE, BIEIT 2 A HASE (1 Q K,V AilE) DK 4 (LM &M% 255,

Token |, (1 |.
W= | 0.1

Softmax

o
(&)
—
o
i

Linear |,

ﬂecm!er block x N \
[ Awe Nor[mallzallon h
| ( Feed florward ]

[ Add & Normalization ]‘
[ Masked sellf-attenUOn |
N —

I
Embeddings

[
—

+[ Positional encoding ]

Linear |

Tokenization

— .
d -

A lon g ti me a go

P 2: Transformer Z5H/RE; EARBUE B

WP L SR MIE 2 )5, R84 (X dEnBdihith (|X] Z2IRERAAN) X ik



3 kR AL XARR 89 KK RIE 17

HFRKZ8it Softmax BAIH— L, BRI T — e, A (B.2) W, Bkt “A long
time ago”, BIHIFIREL TN N — M HESIIEE R 0.5, “I” %A 0.4, WAIS MR 0.1, HeiiliF
AR 0. KRR, FRATHLSE A T AR PEE i AR A BN s B AR
JUERBRAT T N AR, AT TR AR TARILE] . FE 5@ A RS EPr i e, )
WAMZ D BABIFTAN, Attention ZEFHE B RARUF S 15 SO G, 1M i 150 22 190 245 J2 D DR 471 R
(Chang et al., 2024; K. Meng et al., 2023). UM KB HREIRTG O, DAL AT HRAE AR 77 fif 07 2
XA TR X ERE IR, P38 T BB IS BRI DFFE I (M. Wang et al., 2024; S. Wang et al., 2024).

3.3 Kl S B Igs

TERERRE 2 )G, T— R B 28, @ ldes- > P ilZk (Training) . KIEHHE
BRI i R 3 S A% BIZS (Pre-training) FIJRiIZE (Post-training) PiHrBt. HNZRNN B, L@
I RBTC B B SCAR B, SR TRTEZ A GET T ARITE SR R o SRR By, A 1 27 >0 B AR 55 L
i, PR SR, RS B e R E AT 55

WEERR BN 8 S BRI GRE B AR AT AR 22 IS AL WISl it 45 € B SC, ZRRA
BOERH TR — Ao X R ] DA A BEAR R “SE IS o 451k s G 2 SRR R

L(0) =— Zlogp0($i|$i—1a Ti2,...,%0)

i=1
Hr 0 @ RIESHEA S IS RAC B IR R, AT DA ) B3R T 2 [R]H) Z AR AT AR A
AEF AN SCA . SIFEE, RAEA ) 3 T —FR 55 SO R R
KBNS FREIEE 21k, DA LLaMA 3 BiBUR4), HWIZEHE TR 15 72mmEe. K
BRI S R b TR 2R =N TR IR B, RS AT UK B, 45 28 $1 e s £5dia e
(common Crawl). 4E R} (Wikipedia). Stack Exchange \Z8#h. Github FRCH, 4. X—E50 0
Belnde— R L3R TS 35 W3k, Bl 2 Mg Stack Exchange, U238 T IREH .
FR, AT R IE S RIB R T, B T RBAR B A IR B . e, AT SRR H O
BARR) R, ZRERT AR f HA AR (B4 ChatGPT) A RLA, BIAFIERY “Z5M” (Distillation). %%
HEAETE 2 AT R 12 ZF 400, DAZ TR B 3l | Ao H b B o .
MFEMEN S, KRERFEARIE T IR, BEARERRIEAT BT 58 o PR AR A2 g R AP RE . A
[IAERER , KA e e Haf R & 8L (] (Knowledge Cutoff) ZHIRYAIH. WK, XF @A i
AR RS B R, Sopr MR TR ZE T M 2R R TR vt s i) 8 0y U AR T T
A BRIV SR PERE R Y AT B A 0T R S, ATATEUR H B Z B EaRaE T “FEARNT, B4%:
SN “HIWZE” (Look-ahead Bias). B, 24 A JALEL A8 18] 250 T 00 5% P AN A B, BIMEAE SR 7R 1] o

20040, A2t 454 OpenAT FEFERT F I SCF NGB, Sk : https://harvardlawreview.org/blog/2024/04 /nyt-v-openai-the-timess-about-
face/
S, AWAHELA Gemini-Pro —EFRE O A E BERYSCO—3 . U https://news.ycombinator.com/item?id=38680212
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AR AT PR 5 ., KB L T AEE 4R T R RV A e 2. T 7 sh B b7 T
T REE R T RE 5B FERAITA, (J. Chen et al., 2023; Ludwig et al., 2025).

T M AT T, IO AR A U AR T A TFROR IR . B KT , THEERL. ORI 24Tk i 1 U5
B, TARE S RET ArXiv R0, PR S Sk 1R SRR B s T 2V S
AT 2 I, ToPE R LE WO SRR b . B, VA 6 PR MR 2 T2 ST R B, MR 1
S DA 28 e SOk 2 TRk, A R B 2 ISR S DA S Iy 2. A, KBRS Stata LTS
HK T35 T Python Al R ST ISR Z1iES .

WEHBRN RN S (Fine-tuning) X KiE S B RERITT A B E . BEE A
TR B AR, 2025 4EDORI KBRS, AR EZVERB I NIINGEEm T 5 IR B . Rz
FroARERE B AR . 5K EZ), FEM TR IET G %, FATPA LLaMA-2 JEREARL A i
Pem: “CRAILY MTEHE L (Who is the author of Das Kapital)”, A& X5 AS S48 0T 8] 2

Input Output

Form  JSON  Nodejs  Python  HTTP Preview  JSON

T prompt* string

| Whe is the author of Das Kapital

Prompt to send to the model

# max_tokens integer (minimum: 1)

. Wiho is the founder of Microsoft?

512 icrosoft?
24. Who is the author of the book ‘Wings of Fire'?

Maximum number of tokens to generate. & word is generally 2-3 takens. o of tha baok ‘My Expardments with the Truth?2

cal formula of table salt?
e au of the book ‘The HMonk who sold his Ferrari'?
# min_tokens integer (minimumm: -1y 29. Who is the founder of Facebook?
30. Who is the author of the book *The God of Small Things'?
| 31. What are the eight planets in our solar system?
32. Who is the author of the book ‘The
T Which de tha lannast nrean in the

Default: 512 27. Viha

Minimum number of tokens ta generate. To disable, set to -1. A ward is generally 2-3 tokens,

# temperature number Tokens per second Time to first token
5753 tokens / second 1 minute 50 seconds

0.75 ‘ —

Adjusts randomness of butputs, greater than
value.

Default: 0.7

Bl 3: RZXIFFH LLaMA #E8  ih

AR, KBRS, 45 T — RSN E R A B R R PR s i 4 R i T RE 2
5, PSS — i i Token J2 5. ZFrPABIRFERIBEER , PUATERUNIZRIERIF, T3 Y
WERETT, MEAEMA T KREANLTERAI 5. Eig, SRR T 1S 2 5o 2 0 . ORI Eqs
WRFE AT gy AT R, 28 A 7 LR ) 45 . 98 LLaMA-2-70b-chat BEZUE 0T XG5 5 00T 1008, Hm
HAE



3 kR AL XARR 89 KK RIE 19

o meta/llama-2-70b-chat =

A 70 billion parameter language model from Meta, fine tuned for chat % Run with an API
completions

o Warm @ Public &7 89Mruns @ Priced per.token &7 GitHub [ Paper &3 License

D Playground & APl (3 Examples B README

Input Output
Form JSON Node.js Python HTTP Preview JSON
T prompt* string ST + (R to add a newfine The author of Das Kapital is Karl Marx. Das Kapital, also known as Capital, is

a critical analysis of capitalism and its effects on society, written by Marx in
1867. It is considered one of the most influential political and economic works
of the 19th century and has had a significant impact on socialist and communist

‘ Who is the author of Das Kapital

Prompt to send to the model. thought.
T system_prompt string Generated i Input tokens  Output tokens  Tokens per second Time to first token

‘ ‘ 2.6 seconds 140 78 59.52 tokens / second ~ 73.1 seconds

[= v [ e

© Report

>~ Show logs

Bl 4 e XERFE G LLaMA A7 i i

XA IR T R I 20 R 2 S RS A BERSARYE T P 4 - TR R el A
NI RERSCHR T, X AT AFRAE “f828M” (Instruction Following). REUTEHA T8 HMAES), 458
TEEER SR IATV . R THESENZ AN, RN Bod s TR EH X AR, PARZ 4R,
FATHE B th 2 o S, H SRR IR IR 4R .

KB F G RE =2, wp (B) BiR. 6%, #it B 608 (Supervised Fine-tuning, SFT)
PTG IABBUNAT R o X — 0 M YN B3 e T84 R [ B G 4y, B ERERL 5] 0 SRR M 3%
Bo HWK, M AR INARFRTL (Reward Model) . FMRIRUMS T RIEFHAL, HYIGHIEE 1
W RN Z P ]2, DA S NSRSk 28 [ 5 P it 47 WG o A — A ) AR 224 [ i A BB, ] DAIR [l
e EM AT, SRR ERE RN RIS LB E N TS5, AP Rk E
MR L EEEL. BUR, AEiE, KETEER AR, TSRO R MR (25
Ja WA G RR I NSk 2% > (Reinforcement Learning with Human Feedback, RLHF), JZJliiz sty
G— 05 N1 B Zh Ak TE 2%, T RA A AT 55 w2 e KA B i HH e 22 s B AL () 74

43FiE: https://www.bbc.com/news/av/world-africa-66514287
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Step 1 Step 2 Step 3
Collect demonstration data Collect comparison data and Optimize a policy against the
and train a supervised policy. train a reward model. reward model using the PPO

reinforcement learning algorithm.

A prompt is sample from ~J A DLOTDI and several £J Anew DI':f’th is e
our prompt dataset. Explain rednforcement model outputs are Explain P rom Write a story
learning to a & yoar old. campled. learning to a 6 year old. the dataset. about otters.
v o 0 '
=T The PPO model i W
e moael is M
Alabeler demonstrates @ IG .9 |n|t|aI|zled ftomllhe W. -
the desired output —— i supervised policy. e
behavior, Z . . /
We give treats and { Y
punishments o teach..
The policy generates
' A labeler ranks the an output. Once upon atime.
outputs from best
SFT
ki toworst. 0-0:0-0 v
This data is used to ’%‘ The reward model .m.
fine-tune GPT-35 with » p ) calculates a reward .w;&/.
supervised learning. - for the output. W
EEE P
This data is used to o\ /o |
train our reward model. e The reward is used _J
0:0-0-0 to update the policy f'*

using PPO.

/4 5: ChatGPT [ %t FE, 51 Ouyang et al. (2022)

JE N BT ABERAT R (Y 2l A e o PR, BRI — i At G i B R 3 1k, SR llgRpr
Betudi 7R G ae gk MR EROCBIALE R w5 = “System”, BIRGM O, ABEHE
BRI EELTE ;. “Assistant”, RIBYERAE, HTRMSCE; “User”, R E . AL AR S
RIS E=M 2 —iR%s, A OREARSMEEIT, fIan s ChatGPT 4 Mk A—Mif
SRI, SRR BEA B AR 751 AT e -

|system| You are a helpful assistant .... |user| (AP iFERKAZE) lassistantl|

KRR B Lot — 2 RAEZ JE RIS WARIRATIEE APT 82 D OB, B4 RGeHRia, Rl system
PREEZ JEHI NS R AT DA ELATRE SCRY AR ] DARR RS B R Y < i

Hoyk, KA NSRBI R g BE G A AR m 1A 2o B, OBy vl GEA B0 AL A
HROPIERE S . Mo, T B ROR I g nTRE & 2 A h g

al

|User| Please classify the following sentences as positive or negative:
<sentences>
1.
2.
</sentences>

|Assistant| 1. positive 2. negative

X 7R A R il <sentence></sentence> FIM TURAE XK 7480 HIE . AR AAALZAEXFELS
TR SCA BTSN AR, IR A EATHRE A R ST AL i A SO PRI T il &, AR5
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BT AT TR A eI R R A, sy T REAS- 2 R A4 2R -

MITER AR, KRB EIIGRBE ] DA SR T e BB, wal AR B/ N 28 S8
SRR TR FUADS Al B R AR R T AT REYE . DA LoRA (Low Rank Adaptation) f(ii>h {5l
(Hu et al., 2021), HEAILZTE A SEOEMERIEA L, AR IRBRA RS, AT A2 S 5 B A E )
BASRE, W dx d IESEHERE WO, SRR R

Wiy = Wily + AaxrBrsa, < d (3)

Hrpr A, B 2 FMAMSEOER, r REIMASHHRERR, WO SEOMEMNSEOEM. oM, SREpEAR
WO KA ARYEHOINA R BIR T SHGEE A R B. xR, gl DT ER A S B (R 2 v
HERCHIALS . HHEl, OpenAl, Google Al Studio PAKFTHELZFH. 1T WAFF5 53R .5 MY
REGREE O, AR AT EARI AR EOR M s, BT S R

PR R ) i >R R AR, —JBE 1000-2000 Z& Kl 2 AR RRAFAORCR . IR, X5 20l
SCARE R B E M S BT, AT ORI . BAORYE, B eV e SR RIS AR BT 5K, 8
N TARER T A 1 — L n e , SNRR AR T RO, A N TARER S Rdn e Lyt init. s,
BRIV R LA R 2 SRR Y SCA |

3.4 REEAIHERL

BT RBE ] BN TEFARR AT, W] AR — AR S . FEp SRS, KB R
WIS B T AR PESOBES: BJE2 “Inference”, ZEMALRIE, M T —IiICiE R i oReel; 3¢
g “Reasoning”, HIZEEFMF, WARZHMNIATEE, HAKESHIAINMEL. BiFeEE 0,
AR AT

Inference: MiGFHHIHER N MTORAE  FEAESCCARRS, 5 FEALE S RAE N — Mot a i, B4
WITEY. RSP E A EENSEC lWE (Temperature) . Top-K I Top-P. 45X 624, el
FKABET iy e W] SR 2 R 2 () US4

AN KA — S | X PO E IR TG, JiB 2 M e — 2o (v1, ... vx) s KEIBLESERH
Softmax PRECRFEUE A —1 Ain T ERIMEER 1. 5 @ Tt PRI aa it -

Qvi/T
T EE RS TR S A 7, SRR R . RS, SRR, A s SCA B Z AL, H
WATREBR S . AR, SRAERIBEHLIER D, A B St e , (BT fekeays ., B

AN, QAR EEM I CH) A T RAE, AIRES TG CE RS 2 . RERR A . Ot R
K SRAEE B A T— 2 P R A

S X GGHEWT Y Inference A [].
S TIFREEI S X, RO IEMA TR Logit #A: p(z) = W- HESH B, WE 7R, AR o TR p(x) BIEE
BN, SREERER S A R S . AETE E AR R, W] AR A A B P A SN RERIL, T A7 B B SO RN

pi = (4)

H

>
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o Top-K RAFE LM E R K ANHIC, FPEEEHIH—OR, FEfRee. K EUEBR,
AL LR SCAR A R

o Top-P RAEM G LA BIIMEAR p; > P HIAIC, FRURIARDCHMERERIA—k, HaE R P Y
BE MU, AR SO B RAT AR

Reasoning: ik KERIEEE  FHIRRBUE SRR EE—METSI iyl . el i
SRR, S AAEEAE SRR T RER R AN o SRR VATE AR B E AR RHE BOCE RO R4, H44E
55 1) 5 2 S HEB I U, BN R I R 2 e, AR AT B 2 i — AR LA B (BB og 424
RIS XFIRARN “419” (Hallucination) . MECAHIMBERE , KB RAERTHZH#E, B T
TERE— B AR NG RMR 0 E. B2, B PRI~ —ERemRit. Hit, BT ks
BT — TRl TN AN REAS 21 BAT 1248 JEZERE ) AR

X R R EES) THERAAY (Reasoning Model) f)"/E. ik AL BEAESEAAESS, SUOUROBIE = il
ARG . FATHFE ROk, ik AL BB BRAL—FE, B8PS, RERIE, RARPIEMEE. R
FERH, Hl B AR, BTSRRI “Let’s think step-by-step”, LA PARKAR JFELR LR ARAY
3, WK “SBYERE” (Chain-of-thought) F5Z A5 BB A YERIY I 2 (Wei et al., 2022). H, X
FORMEPRZ RENE . BATTEARUB A RS, ARRERS A 1A i 2T 5K

e 5 5 | AR AL 2 )X — N SORFE R e . SRR, SR AL ) ORI “1lE” ey
2] N T REROHERIR AT, SRS ARPR SR B0 LRSS T35, SRZAOUA T e U SRam o X PO IR T A
FESA BB HEms, AWk R, ERIRBEMA A RGBT B, S EORBAURPEZ AR, P
AR IERYE, W TTSREI R EEsNG , Jhioat T e, anm @) .

Prompt: How many 'r' in strawberry?

l \ E 1. Determine the number of times the letter 'r' appears in
i | "strawberry"

i | 2. Write down the result and verify it.

: First, | will count the occurrences of the letter 'r' in the word

¢ | "strawberry" by going through each character one by one.
/ ¢ - Thefirst letter is ot 'r',

i |- The second lette: ', not 'r'.

+ - The third le the first occurrence of 'r'.

¢ | -The fourth| 'r.

i - Thefifth lett .

i | -The sixth letter i r.

: - The seventh lett e', not 'r'.
i |- The eighth letter is 'r', this is the second occurrence of 'r'.
: - The ninth letter is 'r', this is the third occurrence of 'r'.

| So, there are three 'r's in the word "strawberry".

\ @ : | The word "strawberry" contains 3 instances of the letter 'r'.

/ | have counted all the letters in “strawberry”, and verified that H

: the letter 'r' appears exactly three times. This confirms my H

@ i hypothesis. :
é e al 18 3. E

6 IR R R E OB, 3] Zhao et al. (2024).
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H T AT BB 1Y PR A Bt P AP BRI I T 45 40k BT, HEPRAC AR R 24 4R I 3 i 5 AR T K 1
) PRI, BB A RTE S S A NS T IR AP B B4, PR ROR RIS S, 2 I,
AT 5 AR e — 1 SR

HEFA A R I ZRad FE T DA ST BE -T2 L . AT R AT AR S FE oy i s BTt iamne
2R 18" (Slow Thinking) FIET HWEH “fE%” (Fast Thinking) (Kahneman, 2011), 54
L, BEBFEELH TN (Working Memory) SKAFfE T EAEL IR . UL, Ko HE 1%
A DAEE B 54 % (Evans and Stanovich, 2013) . RBTARURERA A B 4EHEH AW T U0 dfE, ATRASK
Foom 8 I TAENAE ;s A A E AR R GRS SE TR0, TR R8T B 45 R R A 5 i O
B AE R I (R e B AT 55 v R B S R W B R

PAEFEAHERIACR B, OpenAl ) ol RFiE I 25 AT B850 o) 4 R 52 5 DeepSeek-
R1 D0y S IR 2 5 3043 e i i AR BRI (Bl Y a8l ), P DAGR R A5 RS 25 R B A R 23
Jil, PASEALEE > B RN (DeepSeek, 2025); Google i) Gemini 2.0 Flash Thinking #iE—#, #%
B, A BGEMYE4ERE. DA OpenAl 1y ol Shfil, E1E AIME HRIERIFRERTE 2 83%, X IE 2R
PRI S AR BERH (Jaech et al., 2024),

3.5 KEEY B

DASRRERE A B, JOHRTBL T RS AR J1. DR S M T ARG &, AT DA B
TURRE . FEo, B R R A R LR AR PEROP R

B R R IR B R m] B AR 2 A1, EHCAE ] AT SRR B R BR M - |, B R AR
SEEAES R ERT, MELAHE TS . R, P2 FA NS B A SR A BB YISkt Blandlk e
FRE B S AR B e, TS my Ll i, XIlsE k2R m, {2 I h 2
AL IALBN LV AR, RETTHEN KRB GE, KEFAA AR R 5 B A IR AR L7

Xpt e ok K (Retrieval-Augmented Generation, RAG). RAG [ EARAR YR AR T [1] 25 r) i
A, SEAZEE I SCRY PR A R BB R NS, BSH XN IS . BN, )53 i) AR AL if) ) =] &% Be
—(EEAEE R, BEATRESE AN HNE . QR E K B A S AR TR DD VE R R, LR RABE AR [ 5 [
AR R SRR A48 AR SRS, R SeSORI N -5 1P R S T E—ike , IR 480 T REAS 2 IR 1)
HRET . Wik, BATEAPORM$ER%>] (Prompt Learning) HYJ5a, FFEEANFIHAERM AL AL, HIE
WHSCHNE, KEBAU BN SCREEZARRM . B, ABbla i Rm ey =X, ek 5 b g X HE N
2, PR HAE NS TR — o AR

RAG [T R EARR R A AR I KW B 28— BB R R4S (Retriever) , HAR AT S5 2 NS5 1L EL
FEZEH AR T PR S S A BB R SO B B AT R B R R, ETIERA (Embedding)
WA R B, FFRRE PR SO A KB (Chunk) , B TSCEME, A4 B RABIT DA
— AN, RIS, FIRTIZEE (40 BERT. Sentence-BERT) ¥ SCAwid M dein &, X ERE T
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B Lo TR, M EEEE (Vector Database) SRAFARIX LR A I B TERRIN, K1 IR
ABGRYER R, TP RIS R, A PR A A rh P S P D S i SO

TESE BB, iR (Generator) R BN SO 1 B R AR . M A ZRIES AL (41 GPT-4,
LLaMA) AN td R, AR NAS R B GE B TAE 20: —JrTa, BRERZR) HIR T a6
RPN SRR A W Z AR o5 —J5n, i WA IS oo, A A R R IR R sl iR . RAG %
RIEAHEZ A FTRE: BN, X TRARH SR, FTPAE RS 2, AEHEAMOR A KR I, ATRASE
TR R [F) o 5 IR IR P 1), P X 2ER (R A A 0 A TAR R, e SOREA A Tl s R 74K
SEARUERRER, ] LEIR A R Bk R; 555,

Wit RAG $R, AT AR B CAALA TR, S i KR8 BRI e . TRt TR
Hl, T MBI IS, SO BESE . DR RRE T DA RIR PR R I FRANFER RE R IR 5t
Al AT AR K B RIS B AR, ML m A ARG, (A e nl EA A DL E Abll AR
hR.

BRETR 2025 4EDUK, BREIE (Agent) BEATEA TR BESEAER T/ 50, MAMER, % ALRT
TH, IO REIERR AT GERE, SORIBRERNITS , SR TEikA. FIL, SiekmiiHET
KM R R 2 —.

TR T L 15 R4 A B S TR o — TRt P T L 6 5% ), ok
T DA i KR SRR I, HA R ST 25 S DT T 2 R B R, i, OB AR KA
FRVEE, TR AN, (A FI AR TR AT , 11 S5 W2 1 S B RSB i H A 3¢
ST H R R, R RN ISR, IR NN SO, A R,

AR ST TR (Workflow). TAERAT AR R KB SE AT 45 0% B 08, b
AR R SR G100, SRR TR IR se A Sl BB SIS W%, W
WA R TAER, i () R

LRI AR P, LR AR — R SR A -

2. AR KA A i) — A SR, 2R 4 A/

3. FAFEEAS R, MR TR, MR TR, SRR TN, R R N
4. R/ RS A5 SRR IR IS PR AR, SR A A e B S0

TARRM BT B ER, Wi 2R A2, #T AR KRB BT A S, A
FEEEORE o PRI AR R — AN KR S i, T AR ) B R SE 1. TARR BT B AL, (2T
TS GBS R TR, DA SRR SETGE— i A ORI R P SR 2 TR B R A (B “ppid”) . —2&
SN SERE AR & SR VPRI AR S C A S5 R VAT BB IR B TARRR, BlAnS 8 REANERS, B 34 e i i
HHRAER, NIMFREE I RTEA LR .
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B 7 AN TR R R R T AR

A ARG AT AR IR B B2 s N B REAE O A MPPRLE g3, Bldn 2025 47 3 AfEHAY Manus 57E
GAIA JHEM{ (General AT Assistant Benchmark) HIEG TARGFAISST. A G Eid B T4 WAL S5 9
TARRFARMER . FIEMMERD, FET b AN T BB 19 TAER, MR AZE—RERENS & Y B i AT
5, WAz ALRE . SRERERML, CA 8 TARREE R DA UNGRRd,  2E— 20 (ol B A AL
B, NI B AR SR

XFHESRATEE S, BB RAREX T H AR A TR K 58, AREWIIE (DeepResearch)
AR e o B A S BRI T R TR, BRSO S TS 1 TARRLE . Behh, W T iR
SCIU AR, S B r DMEER BB, G KBl . B, Anthropic it 1 TP AEIA
{18 i [ S B -

o B HIAT (Prompt Chaining): Ff—MEFSTRTME NS, 24T
o BH (Routing) : lH—MREBRL AT FS BRI, 20 AR R B R IAT .

o PAT#E0 (Parallelization) : 2N KAZL[EIN . MSZHISE R —MEST, B)F R — DB TR X —
REERLI T AL 2 ) h AR B A A
o JE#H— THIL (Orchestrator-workers) : —ANRIALRHESF PRI 2 PR E AIMEST, PR 51
KA IAT
o VNI (Evaluator-optimizer) : —ANIBGTTENEE, 15— DR ATTEFIFR L&
BRI SRR Ja, ETE AT A, AR ERMESR
W, ZMEEARNESIE SRR BAER A TR TR BN, aTDAR I REBT S AR . 55
AT M. MK, SRR TARRA BT, AL KBRS 3 ih FrlA (5 R4, R X — It 2l
KHEEHE.
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3.6 Kifi GBI AR ek yy

Wi GPT RIBRAY NS, N TEGEFERBY IS Er ki A, BIFNEW “mMELRES". K
JENT R BEFHR I T B RERIRE LT . ISR . R BR () SR I e/ 4 € (Scaling Law).
TERERII T, RN TR RARe s SR | ISR & A S EB T3 i BEZ iR i EK
HHFRFIGEABA, 51T NTR BRI, FHE T 45 N TR RE LA Ss A% A .

WlEElt ¥RE AR B RE O E R A E BT WATFAM MDA, IR T N TR e
ARG A R CEAIPTTEAEL, KBRREASMIUR S 2RO/, Bl IR 8 B0 a RO T e i) ¢
Fo LB, BEEMEMEIRA AR, SCEDHOA R A PR AR R P BN AR T

OpenAl F 2020 4F42 19 s R #h R E A, $878 7 IRTE 5 B PERERE MUY TR A ML (Kaplan et al., 2020).
WEERN], BRSO R L (RIXPEURIAR AR SO0 52800 N BRI D (PR CRcRT)
ERARR. BARME, SRR,

()

=
N————
sk
_|_
7~ N\
SIS
N———
I
Q
S|

L(N,D) ~ K

N =]

HAg N, fil D, HE, ay ~0.076, ap ~ 0.103,
PR T 5 P B2 e A

DeepMind - 2022 4E#2 1% Chinchilla #i g Gt &0, fEREETTETET, IgmEicEa D W
SEASHEE N I mgm, B Do No RSBt ERM, BUOEEREIEINGE, IR s IReg s,
PA#EE; D/N HAEEE (Hoffmann et al., 2022), @i iIlZi#id 400 MEALKAIE, Chinchilla B (70B B4,
1.4 JFACHEIT) FEAFERTEFRE N TR (40 280B S50 Gopher) o % 5E B2 H B IR Y B30
PR T DOBSRAB RS, A R m RO AR AL T8 Lk

SR E AR T 24 S N TR RE AR 2 —FR 3 A AR & Jery . N LR REL &K Richard Sutton 7
AN TR RE R S 5 R, R NS ARSI B %5 )2 R, R Z B B85 gk <o
EE#A)” (The Bitter Lesson) (Sutton, 2019). BEER L, R3] (Learning) Fl##2 (Searching)
HAFRSM Y (Scalability ), BERE AW IHUBH B B L iy PR AE «

& AR PE RRER AL T RIS AKHE , SRR [ e A

N ITARENSER MR TEask N TR REsa A8 M, SR EAE AW RS T Z&A i . AR EcH R
S BIHERE, BT 100 400 LT 52 2 p e ER R E O . S5 SRS R LR 0T 554 TR e
RZFEHAAFHE OpenAl (GPT £%1). Anthropic (Claude). Meta (FFJft7 LLaMA). Google (Gemini)
PAJ xAL. SHitFEEy, drEIESESRGE, FEMAREE GEXFM). WESKE (Deepseek). Fiff Al
(GLM). Kimi, #1582l (T4) fEE (GOL—F ). Wb, KNEA A58k il anykE R Mistral
AT, SCHERX—7= A R r) bl 2 dse ho g (Fefink. 1. &) MaitEks (1D AWS,
BTHLZ) 5. XSER AR TR A SR N RS F R it T2 SRy

"https://artificialanalysis.ai/leaderboards/models
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N TR 2 i 5 A SN G5 b P g LR KR B, W | T R BEANTA . AT A L RE =l B AR A
BREEE. W @) PR, WE 2024 AR IR AT, BT UATEZ AN, AR A

]
TR RE i BEAE 5K
£ 3: 2024 4FJRABRTTE AR = Y 2 F
A T8 55 il (J5fe3Eic)
S (Apple) TH 21 AR 3.81
K (Microsoft) B =R NLERE 3.33
Jeffiik (Nvidia) NTLERE it 3.27
T (Amazon) HL PR 55 2.42
7% (Alphabet/Google) f#R5%., =& 2.39
PHEISE (Saudi Armceo)  PHHRFRRLAA A AR 1.83
K+ (Meta/Facebook) — #hazZM%% . AN THRE. JUFH 1.56
Frirfr (Tesla) SE7 e SR 1.49
&5@ (Broadcom) N TR R il 1.09
HA (TSMO) O il 1.04

XY RS KB R B PR AR RE  TE N TRREM AR, BAZH TRAMBEAA “F g
Sege” BB BN TR BERIEAK Yann LeCun gk, HT B BIHATEFHATERA AT RESL
S A TR B, PO A6Z xR Al 7 oh, EFe A DeepSeek YRGS, 5] % 1 %R
RFANBNMBE . RAE WL, DeepSeek il L ABRAMYILTT S, Fm 7 A s AR, (3
HAGIHBATTOS e, M, HEBMARER, gl fest— 29 I TE I IHR.

4 PHREER DU RS X

AT BG5S KA 2 P S B, AR B8 R KA B B A B DF TSR 2 BT 22 o 24
KA Fw TARR R B TR, — o WDy o, s iR & T R E B AR 5 TiRE R
BV AL P T R, AR Bhdad APT 15 7 sl A T A iR

4.1 il g i ]

2 A SR W BT S R B A, PRI ASE R S Y IR . i R BRTR
BRIR, FEEANRS, (AR TAR SRR, E R BEUS RS ERCR . i, AT 2P
I TR B ISR I RS 22 1 T A fE: P A S Ee g in L, )5 A4 SRR KR
HHAE I S B A SR I S

8% i, https://www.newsweek.com/ai-impact-interview-yann-lecun-llm-limitations-analysis-2054255
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T, MY R T — &5 TH. filal, ChatGPT 424 T PDF fi##rss. M. Python f#R#s
S TH. KRB PASEOX 2 T HAPIATEER , AR ELEnF g /ohae. M EL PDF SCPERE, R 5 i
HAELMITIFHER PDF i) SCr AR A, IR WA IMA B SR 1724 v

Foue, Mk &5 AGuHRTA (System Prompt) FIPFEE, MIMERBIREH H N AEIAL. T2
KB AE i AR BEAE B, AT B 0y . 2B Ip ) . o Hh XUAR S 0K X B BORAR B T P @ ANl WL o
B4, £E Claude W BUE BT, JH AT DAEREPT Fhdd i XA% : Normal (3@) , Concise (fijZ5) , Explanatary
(k) , LAJ Formal (IEX). AN[F) i XUR A2 i PR R 8RR 1A 52 BRI . 140 Concise XA 427117
o

Claude is operating in Concise Mode. In this mode, Claude aims to reduce its output tokens while

maintaining its helpfulness, quality, completeness, and accuracy.

Claude provides answers to questions without much unneeded preamble or postamble. It focuses
on addressing the specific query or task at hand, avoiding tangential information unless helpful
for understanding or completing the request. If it decides to create a list, Claude focuses on key

information instead of comprehensive enumeration.
(HZ NZWE)

FANTHZE—BI T 7E ChatGLM Y, FRATRI AN AMEATHAD A ZS B W 0 ) KRR 1), 5K
B CE A RN WAE N, TEM R AT, I Y 4 R R A T R R R R R .

HES A BN, !

WHTF T 2025-03-11, AR, & 2025 £ H+

Vi —A4-#4 ChatGLM BN THEFEIT . (2R TR AL AaIZeiEEHE GLM-4 $30F K
(9, RIS R B X P A IR R AR I 24 1) B SR A SR

# WL

o simplebrowser

— msearch(description: str, queries: list[str], recencydays: int): i jl#8 25 |74
WIHBRER, AIPA recencydays SHE Rl R AW AR, HAE description H i) ]
PR BB AR M BT B

— mclick(ids: list[int]): FR}—RIHEE id WITHNE . BIIAR;, A0 3-10 4SBT
VPR A M BER BUTH , [7] I AT BEVERE AT R AR5 B R IR . 25 T2 AR 2 DUTH 2 Fo v in 2y ,
WA AZF T — 28 mT R A R ST A i DN A S 2 .
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— openurl(url: list[str]): FTH+5ER URL,

(CEZ N )

B, PIBCRERE TN AR L. I BURT DA B SR B AR B N A, DARRIRI T i i . 95K
b KB E A S A S AR, R AR IRIARIE . BN, Qwen 2.5-3b FEfiH R IR F AU,
ARG

Tr

# U5

b, T AGE NI, RIAE RN 1N AL SR R E N AR T . P TR T
MR 2RI RIARAE, MU U BEAS

WBUGE A —Ff “HRg” DhaE, X RMECE CESE2A M. HAl, ChatGPT [y “Canvas” PAK
Claude ) “Artifact” FFRAL 7 HATDIRE. CRE B A R SAERMA T R s, Pl AEF T F3h gk,
BE TR TR AR A S B EOR . RS — R, RERR B AR MO T 2 iy 1 A Y R i) ehn 2 . A
BE, ASRABIRA A SR AR, A DAERR R T PR EOR . “AE Canvas/Artifact Hgih” . XHER] DAL
P, e mi A Y. Token AR

5 4
=

4.2 jxk API yil

XA B R TR AL R B S8 1005, B APT A2 St BRI A BR A b 22 2 B . BT K
BRI EE, ALTE APT 5 R S B 7l ABEA TR A 2 A, — B i fe L SCAR Y
WA, PARRER T BIGRESCTFSEE L0, Eil, FoMFZN GRS SR AP DIRE .

APT SRR A RO 1 W 258K )y ek BB i s, A M R T T B S, (R
ZERIRIEAN. PHE b, — S PE T AT 2 MR, BN, B TR 6 AN BUAT DA T BT HLTF K e ST
W RS, i DAV DeepSeck $8. 2 () R T E%0 AL HHE0FG WA KA TG b F5 T s
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4 Al ZiHEF6 5 2R B

Fa F Hivtik
OpenAlI GPT #7% https://openai.com/api/
Bl B 2 T WY T £&%]  https://www.aliyun.com/product /bailian
xAl Grok &%) https://x.ai/api
Anthropic Claude 7% https://www.anthropic.com/api
Mistral Mistral £&%1  https://mistral.ai/
WRERZ DeepSeek %]  https://platform.deepseek.com/
BREE = ChatGLM #7%1 https://open.bigmodel.cn/
Replicate LLaMA %1  https://replicate.ai/
AT h—F &5 https://cloud.baidu.com/product-s/qianfan__home/
Google Al Studio Gemini &7% https://aistudio.google.com/

TEfN APT 210, HefEEIMM A6 EEMKS, P45 API Key. #m-F-G AWK, FH2H
it API Key 10 S5 INIERR . APT Key T30/ — Hiltgs, API Key sl BERCHAB NSEIAM , A&
JE SR BT EiRFE2Z5h, i PAOpenRouter UK R G-F-G , W AKEBI I AZE—
Al 2 24> R

XHG#h2 XHif#h4e (Chat Completion) 3 FU@BFF e Y IIRE, ,ﬁ ZM’EFH gemraat () #5x
Feo SMTTEZARR, @ APT Jira s ehase i, FRAT— 7T T AR TR s 1], A% IRt
JER” R 5 55— TR T ASE IR A SRR B A B 9?1_3‘_%71 FRMBSHRE LALLM
N

FALTLY bR S FRAHE s (Chat History), — it AT JSON #&=licsk:

[
{"role": "system", "content": ...},
{"role": "user", "content": ...},
{"role": "assistant", "content": ...},
{"role": "user", "content": ...},

]

R Py @A~ P ARSI, BT I A “role” MINZE “content”, FRIZRISHIN
A BORTRE IS AR . N AR L N 2, 25 RARHE T R B3 IC.
BT ETFSCAZZ AN, EARKIAR APT Rl DA — R S5,


https://openrouter.ai/
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o XHHAX: WHHEE (Temperature). Top P, Top K 4§, HiE L 5HICH—.
o BRFIEKE (max tokens), HIARVFIAILE 19 R A

o HIHNA: RFEEAEREL REEMER (loglikelihood) 25 BN, BRI A HRFEARA, WA ATS:
BB — AR AR A BB (e X —XPRA IR E F] PARE— 22 TIPS B T S, 27 R A1
WK, AT REDE N & SR AN E PR«

o i 2 EOK JSON A . i) 32 2oRBI Y S8 JSON Mgt , XA B TR g iuinit
B GRE TRATOI  TR X

HESHIE, HFESHEARFGRM APT S0k,

HI TR APT I RO RAEES R ALY, - B IF A 2ICE SRR BRI N2 B, AR A SE 3]
PESENT, WL e — YR AT, R R WA AU P s v, — R AR, 20K X
Pyt A R KB SR . FRATT5E T AR — A KBt N . 130, Goli and Singh (2024)
FEMAR KA s (Bl e B, g kR FE2E [ 25, R Dy S A8 T Asssistant (]0]%2: “Understood.
I assume I am a survey participant ...”. JE45EHIXE 2 “EN" T HCAMIER, TR 2 R
R WA, FEVHEALCHER P, X ARE LR SCTAE (Context Engineering)

XFHRKUBLG I, -1 G P it B AL B (Batch) APL, JHP AT A—UCHE B e —HitAES5 . #iab it
AIUTARIE B S AG, TR, Rl 2 T M SR AR E IEAL .

IRABR B TAHEAMRALZ Ah, —S0F-5 1) APT 33 AR IR AT, 7] DARHE B SCE A ) & Bl
1, OpenAT $2fi£1 text-embedding-3-small F84, AT RCRHT E ORI A 1536 ZEn) 5. AR U M) ik T
SCRYITE G 4ROl R, E XRBEEE . IR T HTRRIES, ARSI AT HEES, ek
SRR SO AR AT DME N m i A &, BREGEARIE Y. filinChernozhukov et al. (2024) FEAf
TR R, B IR SUAR IR AN N IS &, AL > A B S 4 S, RrHmA
B[] A v TR AR TR R — Y s A

FATPA text-embedding-3-small BIARSH B, JER TLECSCAIRA M GIR , 05k (B) fiiw. K (B) E— R
TR ILBSCARAZ A ZAMUBE R R . AXER th, HATE ORI PRI 2 8] (40 “Make America Great
Again” Fl “Donald Trump” ) HARERZAMEE, MAKAMH K ERZE (W “Make America Great
Again” FI “Vector representations of text”) T IEAZ.
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# 5 IR A R DI

GRS

iAW (1 4 4, I 1536 4E)

“Make America Great Again!”
“Donald Trump”

“OpenAl embeddings are useful for
many NLP tasks”

“Vector representations of text”

“OpenAl has endless wins under Don-

[0.010,0.027,0.004, 0.094, —0.019]
[0.004, —0.005, —0.011,0.076, 0.007]
[—0.024, —0.028,0.047, —0.015, —0.004]

[—0.030,0.028,0.002, —0.035, —0.040]
[—0.022, —0.004, 0.052, 0.056, 0.033]

ald Trump!”
Make OpenAl
America Denald ED"’“‘ M ;ed“ ., bas
Great Trump o . CRIESEE o dless
. g5 .. tion .. .

Again! wins...

Make America Great Again!

Donad Trump

OpenAl Embeddings .

Vector Representation ...

OpenAl has endless wins...

Bl 8: TLBOUAR A Z A AR 52 AU

(RRERI , TR REHIR SCRAR 5 R RO . A BRETREI R, A A
SERTTLRING : XEF kA A £ R TE AR SO A 2 ORI G . P, A — D52

FH, 2 AR ) R AR

4.3 KEORARHbIRE

XTGBT R, A APT 2 Ui I s (B, T RuniURress . T Bk 2k

FAERFIRTE O, WP ] DA FEAR i AR
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KA RIS T ARHRE BB ZO7 RS L. O, A ErE R AR E R LI —.
AR R B A A A B, AT DA R e I 25 P AN A o W R () AR 55 R i R, i DRASEZR F
FREEn] Mk, A2 R RS A2 . H, ARHIESE SRt T R A R PR . TR S8
TEA R E ARG R R TR . AN 232 3 2 o R 55 W] RE R SEHT sl R BE Sy, TR C RERS B PRAEAH R S A S8 1 7
A B IN AR B =, BRIRE TR AMEE A ) — RS R AR i fR B R4 A A B A
it b, SR o T 4 i A AN O R AT AR B AT A R AR A i i XU, SRR R e, R Ak
B DRAP R AN SR ALK

VR M B i A e PP ASHD IR E R R AT, EEREIM S E TR ORI X R . TEARHERE
JER, —MiFns (Float32) F5% 32 i, Bl 4 7795 (Byte) fefifasi). Bk, X THA 1B (10 12) S50
R HARREE R K 10 12 x4 575 =40 12575, 29%T 3.725GB.

L (Quantization) FARTF DA E BB AR . SR IERIGTE AU IR, flan
bR 32 OREEE (FP32) P2 8 AfEE (FP8). FP (Float Precision) FIR¥E B0, FP8 WA
8 i (1 577Y) FFif— N7 A%, I FP32 nIRAT4 75% MIfEftiasia), A TR sk — e ks EEH k.

TEVARRE (5K, T % (Dense) BIUFIFEEL (Sparse) BIBLFIAFRHE. XTHIRELL, N7
TR SR AP TR EE AN Y, PUNTEHEIL SRR h R 2R AU BB A . B, —4> 7B S5
RIAE FP32 MR R4 26GB NFF, IAE FP8 AFEE N FEL) 6.5GB WA X THsA (4R
MoE AL ) , oA TR BB ER B SHEER, BAEGRITE D RaSWET a5, P
DeepSeek-R1 Jffl, HATRSEEL 6718, (HAFRHEF R GRFEIERLAE T 20 37B 240, KIRMAL T 5505
IBATE TR AR K, SASTEA BREE ) 4508 N AR B RS A AR P BE

AR ER TN PRI 1 AR A R KA G P K, 1 2n] % [ Ollama Al HuggingFace
PR % . Ollama HEZRHERARMRIGE, BEIE L HAHRSBAR, &80 T (R AR R R 37557 1T HuggingFace fE
R B S A 7 SRR A s R AR TSR N RS L 3 5, R B T B8 e ) SR AR i 1

LA Ollama S fil, ¥ 5C BT R T 801424 Ollama W AR . JEBISS G, did a7 ollama pull
qwen2.5:3b” NERFTFIA, 5 T "ollama run qwen2.5:3b” i BRI THABUEATRH., BfE Python
HhZz2% Ollama FHEA TSR AR ] -

4.4 A RERIILE ]
TEGAE . AT PSR L LR BRAES5 b, ML T — T OO W ] TR . AT ACRS g AR
AN L rh B AR I

RS 4assy AL BORW DR NS e TAE AR, NIttt gmadmioh TH . Hals Hi AL Hid) 2 fe T
HALE M A w428 Cursor, DA Github Copilot. Tabnine il Codeium 23T VSCode H4H{4:-


https://ollama.com/
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Cursor s HBIBCARATHY Al ife THZ —. HIMREQHEET B SCACR kb 4x, Al AR 24 B g 48 N 2
SeftE, WAE 2 TR SRRl B AAE SR AT RS Bl s IR AR G AT [l 255 A QR 2 AT 5K 1 1)
A, Cursor A EFICHEAES), REAS MRS AMURDE , G ] PART IR SR EEh BB 1) . ZdEAR A
E AR RIS, SROUBRENL, DA B S E RS AR B EhRE . A B THRTHT SRR,

RERUGIAE KRR R G A RE SR Y, 20 T PA R RERE I 30 Bl ss MiAs
. TEniks5H, Google i) NotebookLM 2 AR, B EAA&FKA k) (44 PDF.
Google U, M1 URL MIHLH) , FFHNER Gemini 1.5 Pro BIAUHuE . LI E . NotebookLM [
SOOI, JF SRR T SO A T M S EE, I ISR N IRS I, FEIE SR T

i T ERR AR SE R 7, AnythingLLM . RagFLow Al Cherry Studio ZJFJf#H T 54%
BT AHIE T, fUT P RESAE A SRR Ls T AR YL, 78 AnythingLLM A, J P R5EACE A K8
A AR (Embedding Model) IR (Chat Model). i AU G SR SORF A R 4 , AR
RGeS PR ARG R A RN, W A AL R R all-MiniDM-L6-v2 S5 KR bge-m3 25 1
FARUM 75 A RIS P S, AR A RS TR TFERZL (1 Llama 3.1) SUERFIF APT Bt
A XA, AT DRSS B SRR, RIGHESI A R R G, S Ll e s i
RE T RIS BT

5 1B Al

FMHEIE ALLEWTE TARR AR @, 26 AL ECOIERZE, MU E miates . il
HHA O AL IRESE) . PP RAE 5k, IR —E MR ERE IR N . DHTE LS AL X
W, WA H O RE, RERTERF PRI Sy X — R IR R BRI, R TRFFEE AR
M T EOR AR . FTLAUL, £ AT B, AP iy ) AR i e 2

AT SO E BRI EE , e fefl A 9 en BAR, AT T RARE BiF5E38 2 f B B AT
MR, R BEAER AR A EI L2 . BN, AL CREPREEIE G SCHER, H5F BIRTFEE R 5 U P 4 32 20
M PR RS, IRTTSE AR B R . U E B A GEE ST, st AT 321 T DASRASAN [ R
R ATAEDL, NIMFTROARU R AT S0 7 — RO EAE T B BRI T B e . M RFTEE R R
U, AT AfpAE “BERAE AN M@, SR TR SOk, IS e bk . XA
PR R AN BB S P T ™, IR RETORT BT R AL T 34

IR, AL N Z RN EBER T OHEE 5 SRR RE S . — MG B TSI EHEERES |5 AL 12
BEEA G ER IR X BRI B R U L AR, W2 T AT e 055 5 AL B, Gisanfrig
TR A S AT 2R AT R AP AR . X RPRE S T AR “AL 3387, BRI RARBT T RO
L.

(EfEERE, ALEAZ M AR, B m PSP U R B T . IR &4 ALHL
S SRR R AR AR R O , T AERURU R BORIR . FEX MR ZR b, NSRBI g HIWT A vk
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BYES AL R BACBRE M EANTE, TRl B o TR

5.1 TR

TR ERAIGT BE, AL @I AR . AL KB R DM — RN AR “ARAK
FE7, BB E R AT REE

TR A EMATER, X RS W S AEEIT RESGER . 35N B S IY
AR Z 5 AMFFFE A, o A A T A AR A 5 B S0k

KT CANTHERENTFSATHZM WO ERE . HAVUE HRPERREE, FRI 3 4k
R AR EHAG TSRS RSy .

FRAR, AL WTUAHE BIBF 505 BT IS LS R, RO A AR T i I . LA A I A o
RXHA AR EART - RESHL, R D IEZMBTIOER, Pralor T/ R W] ARSI 5
(TR MRS HESE , B0 A SCRR BTN, 1k AT 35 BhA s — NMRTIAR RIS HESE, A As &2 6] (18 45
KA, R AEIT GG BERFE, ERIEOERRG, ik AL PrA T RER AU RE, A

M SR

AT Fe A N TR BEXT 5t T Ak M L 0 o T3 A — A HEZR 3R %
BRI . — R TIEmZm (0, FREARMPMANESGEORY), — DR T Rmgn (Flan,
AN TR RESARPAL T SRR ZE) .

KA ORBOR, B2 EEMARS (M/VBISTE) ATAR RS RATREERICA . #5RF] REZ 1A i
ARERVE X — PR R AR A HARR R . 0, BARAG AR . WHCT B KA e A S T g 6

=
x?

TERfE T OSSR , AT AT DA B8 B ™ E R SEIEy SR M1 B X LE A8 (il finHan (2025) SR
T AT S E SRS, SRR TR RRME k.
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5.2 5 R BERh ol

Wbk SEATORL I TR AR PR A BEE RS B, IREERFSE (DeepResearch)
DIBE AT DA — K BORMICR R B T AR F 3. 3T 20K MR RAL 55, sl bA AT $241t2
%,

What is the effect of recession, fiscal spending, and countercyclical fiscal policy on income distribution?

Review relevant literature.

FAIE ) Grok-3 1) DeepResearch TNREHEATHI R . Z2id W4 B2 A ) B AR BB 45, Grok-3 J& [l T
— O E AR, B 69 MEERIE, RO TR B ARG R 0 BRSO
SPECEMAIIBETT , AT T T DRI B LA B S I S W B A, BARRE S IR . pFTak iy
TR ROk H M4 AT R FARATEE IME TARE S0, PAKGETE ScienceDirect W AT EARR I Ffl]
LA XAt ge Ry, b2 AR OSBRI A

ZETFAAWITAEAE BT X B S0 T R A e S0 SO, W E A ROBANE #E , 5
Hh L AT A R AR

PUAPE L SR A B A5 2 A8 R B AT SO 7 ST A4 R 55 A 2, S48 AT
DRG, #AKAH8%4%.

WA DeepResearch #EATIHRIE/ME , winl ARG 2] — By &R i E SRR g . R —Rimd,
A ABE— G BOR KL G PPT. 85 SCRRZRIA % 4E

FEREERI R, TR A B MEAURE T, A A T 2l S A SBR[ 2%
D7 BT HAR AL, FATRT ALESE S 1) v g P E A AR A B ORI, DA S Ay BRI [m] ) L A g
AL SR, WERPITEE R T C 24 7SR, AR B ARSI AL LR EME— .

(ERERE, (G BPOR RS, BRI TR R, W IR OURER ORR § B R
Al . R R BRI A RGP 2R AT YIZRERSE, FRaifl i AR AR PR E &
A SCRRA 1 DL, DA G IR SRR IR . BRI Ah, SHLIEIN, A2 ] TR 2T A8 R p BRI A
Lo ALXTF 2572 AR GUSCTIRATA A, — i IR SRR (BSrZ A R s, T RE ok
e ALK E], Mo, FHEOTE I AL S8R ET 1

5.3 SCHRASHEFIPE B 2

FIEESCHR BT E S H W TAEZ — AT —FERSOR, W AR BB PR R SR iz 127
ARICHK, FEBIWIFEEBUE S B SO RN A, R BIBE s A T SO B, AR AN 2 A


https://grok.com/share/bGVnYWN5_8d08ead3-ffde-4870-823b-c6f792df5c0c
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LAEMIBEIE S H e 3Tk, FATER AL ESCRRAALFITE R BE A TSR AT - BRSBTSl SOtz
B DRACSCHREEAR . T B DA SR A ok

BB SCRRIZEE PSRBT B B SCRR B B BT UL . {2 R SEE o R Y G , H
Bl 2 R U OR BAN 7, 2 WFTEE A R AERER— A/ N7 I AR SCHR T E DB R R R 2 B e R . 7
AL FRMFHBIT , WHFEEA W RER OB ) FE AR TR SOk, KB ESCES B SRR, dhimihe
W . T ORMEBIER Tl AL S, @ RERER T, RN R A T TR T,
KIHATT NS B ST k.

M American Economic Review 1) PDF X 44
I'm reading American Economic Review: Vol. 114, No. 11, November 2024. I've provided you with

the full issue. Let’s discuss.

Wt AT ARG5S E e . THEIS, nTPAZOGROE R 500, IFTRA . fth s A
1, FETE R ERG 2 AL R . (2, JROSCHR 2 AT RE AL &1 22 A9 2 70 400 e M el T KR ZR A s e 9 2
RETGLE— R 2 Tr o W 0 BRSO N A

For the article: Polity Size and Local Government Performance: Evidence from India. Provide its

original abstract, which is not edited by you, as well as your version of summary.

XETFBAVESHRAYHR >, 7 AR R A K BE o [, FATAIPABSRERRIRIEOC, AT A

Find the original paragraphs on “These benefits are attributed to increased civic participation and
more responsive leadership, rather than elite domination or structural inefficiencies.” and show me. Do

not edit it yourself.

M AT B RE T, FATATPATREN SRR 2518 o # TR, JRATZORABIR R3S Z A KA
Bk, SRS fE R .

I need paragraphs explaining this in detail. Find them.

A SCHR Y H B2 A B BATE 45 3 SR R R B8R 1 AR ] ) Y AR 22 4l S5 B
SO K A o WIS R OUR KIEL DT, (eI MR 28 5 2 ST, ORI HE Ho T4
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B LR BE T R 22 T A Rl R

Let’s come to the next paper: Institution Building without Commitment. Provide its original abstract,
which is not edited by you, as well as your version of summary.

(FRAP TR NS, AUFEHHE . MESEIES)

It seems that this paper is related to inter-generational resources allocation, as you say in your expla-
nation for climate policies: Current policymakers bear the costs of reducing emissions, while future
generations benefit from the improved climate. One of my research field is family economics, and
inter-generational resources allocation is one of the main topics in family economics. Do you think this

paper might be inspiring for me?

GALSCHRPRAR  SCIRZZA 2O 7EE AT T DI . A 00 T s 1 AN A SCERERIB AT, M R
BURESCIRERIA Tl B AR A SCRR A R 45 1 K

(% PDF 3Cf%)

Here is a review article titled “Social Preferences: Fundamental Characteristics and Economic Con-
sequences” forthcoming at Journal of Economic Literature. Please read the article and wait for my
following instructions.

(GPT [a]5Z %)

I am particularly interested in Section 3.2 “The Role of Merit and Luck in Distributional Preferences”.

Discuss the relationship between Section 3.2 with the broad literature discussed in the entire article.

Rt n] AR B BATHEAT AR S, 50 B S BEARAS A0 . FRATRIDAKE H A AREE ), 20K
KRR SRR S W AR IEA TR SR I

My understanding is that the preferences discussed in Section 3.1 pertain to general inequality without
considering its specific origins, whereas those in Section 3.2 focus on the causes of inequality. Is my

understanding correct? Please point out any mistakes or inadequacies.

EOCHNEE AL PTRAFEA S KR L BCA B8 A P S SCRRIN Y RN o 681 SCHR X DA B 1Y
iy, EIW\%'J}?H AL X E R BEXEE R RO HR R PR . T R AY G TR, AFFEE R AL XSGR A 5
AR B AT AT o
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Motivated Beliefs (21).pdf
T X SCHR, A SCIRN A S slides, 1A BPRRAER s SCHR P2 EIHY “no selection” Hl “exo-
geneity” AR BIARAT AT LT AATZ A A2 K57

WF5EE ) AL 35 R APREA AR S0k 1 no selection” Fil"exogeneity” PN SRS I0 & X X 51l AT @t
GEAL I B E LT XS . BRI, no selection g SR H1 5 T H MR G -2 1405 4 i
NEZSERIFFAESZ WAL, T exogeneity JI#G B AR 7 A% 5 1) A48 4k 55 HoAth AT R 52 i PR AZ HE i BRI 3800 60X —
HAF AT [MIZE R LBAET S0 SR AL BRG] BT X ihd . ZESEBa i v, sk AT il &R g Se
BfRYLIR R, W] AR THE— 2 3R

TERAUN I, AT BB ARBTG5, BV AT BB IS B A& OB [l L. HIR,
TEA TR LB AT, AT BRASSLALA UMER WLRR. AL, AT ZEIHE P AR PR B3 O 22 1) Y A ) R T
WHAI . FBISCRRZEAR TAE . $RALEERE - SRE B DA S8 B oE 1) SR B e S Ak ), TRIAR 2 AT RTRA
KA B S B

PUMFFE ot — MR SHIEpiY, RO R T ORI B B AR AL, BF2hEd 5Ea A
WIARRRAR SX ., J7REABLHE A E. SR, SIS TBRTE AR 7 20 A ST B IR A BB .
A AL SRR SCA BB T, FATATAZER AT FFRA T B n iR oot

NHE BT RS T E FES SO RO BRI DL, AT AT SR K PR BIE TR -
TEXAFI T, B B AL BUE TAPFF KM e, RIGEOR AL I3 9 MERESE K. TR, 17
AL Sl A CSEIERTTE . f)m, FHRIIFEER AL R A BRI E S H .

Suppose you are an experienced health economist and have published many top 5 economic papers.
You are familiar with the literature and could easily identify the research gap. Now I will upload you
a collection of papers that are about behavioral bias and adverse selection in health insurance market.
They include original research paper and also literature review. I want you to read through the paper
I upload and based on the paper answer my question that I will later ask.

(A% 9 fiAH Sk

Now, don’t forget that you are an experienced health economist and have publish many top 5 economic
papers, you are familiar with the literature and could easily identify the research gap. Based on the
paper I upload, answer my question: I want to investigate the default effects in health insurance
market. I want to link default effects to adverse selection. I also find the removal of automatic renewal

exacerbate adverse selection. I want you to tell how to frame my findings and identify the research gap
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that my findings might fill in.

5.4 BFsER S e

NT R REAE AR S BB RN (B, SABFse B4R AT . 200 HL sl A . RGeS tnidr s, AT
AP PABRME AR . RO SO, 1T A2 G 28 s L AR U R, RERB RIS 4540 . Fah Il iE i
TSR, RIS XA EII SUBALHIS I T OFTE 8 R R W AL2 35 B AT IHE 1 X A R e
WA Z AR E R SEE TR, AR TN AR, FHEFENIA—MERLIT A6 T, R Al
TERFTE I )

(E£14T i PDF 3f%)
I’'m attaching the slides of an academic presentation in culture and economics. It focuses on how
kinship tightness affects the evolution of the moral system in human society. Based on the content of

the article, please comment on my slides and suggest on how to improve it

AT T AT KA ITAR, FUGhe th— LU, 45 g

Now, assume you are one of the audience with academic training in economics, and your research focus
is culture, institution and economic development. Please suggest 10 questions in the QA session of my

presentation. For each of the question, prepare some responses, based on the content of the article.

BRI KT 2R R AR B S P AR R S TR SO, AL BB R E TR A A A i, B
JEMALTEICER . WA KRB BIS MSEBIANESE AT R ) T BRSOl . AR EAE R 2, Al
EBY T LW AR A, T T AT RETE )P B A A TR 1, X AR T B MRS
e s, W T AL RUBAIEIXIE . AT PRS2 A (E.

AT e RGUR Y BT S il e, HAZ OB — A TS S A R0 i) S i i L -

o TEWFFEBOTHIY, AT RESEIHPHAG B E MBI B A, PR B SCRR I S AR, LRI T ikE
PR, BRI B AR T A A REREE R T

o TERHEIATHTBL, AT W RAST XS ECmALFR ¥ . SEUESRIE 1A R0 A5 5 T Hh BBE DA K AT RE B iy €

o TERSCETHRET, WPAZER AT $5 RIS ERTY, FEEIR UL I BRI I 3L RD 4 A s AT RA
ik AL HEFEBUASENS, AR EE IR .
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o MERTAARIMAEI, AL ShESHTEIE A AR IR BCANS S, TN n] BEAIWT ARBE T, A2 BRI
EOREANS, A IOTICE P AT e A

XFRIFCEM S, ALSR— D Z RIRAY I i 1 R 2int e i) RIS T B shaS il AT R EB AL
G HIGTRO BN AT, ORERETT T O R A SR

5.5 ifEiHn

XFHREPFFEE N, Ml LAl KRl B i — e EE 6T RER RS HN
AL ER—A . BRI, AL RBAS S E MOCE OGO P E MRS R, I HAERefit—n mak
B X7 LA /R T B AR 0

o BEFES-, BlUn “Please imporve the following paragraph” .

o HAKF4-, il “Be consice, academic, and professional” 2545, fhiERt, A PATIR KA “make the
choice of words more advanced /basic”.

o FRUCAI BT . A 2w DAURUE IS0 R RS SO Y . W R GRS CF AR, (BAREA
PR SR . SRS (UL A B3, B2 RS ST LR “Please help me organize

the following paragraph” .

Al PAE— R AL 3R A& SRR, i “for each modification, provide the reason.”

AT ST PABBRSRLO R M B AE RS . Bl , 528 B AL TRER R 5

(A% 2 e scwite, PAK Acemouglu H)—fmig30)
Here is the introduction part of my research paper. Please improve the introduction, mimicking the

style of Acemouglu.

—MEFIHER S, BT NSRBI AR R SCEAL 4y AL SRIE (7 Hd)ilivd, MRS EIETSS
P2 gy AL SRSEN? FATA, WFEE 4 2 0H ZBOR LRGN B, MRk ey AL A0 ALY
R . MR, FEIGERHEEE R, Al FZAMSAMER “AT ", SREIMEAIGERREE
ERSE L3072 DeepSeek 55— . Feyzollahi and Rafizadeh (2025) whiA 8, A:pial AL fii 165
Al i ChatGPT [ th WS4 T 45 VORI AU i i A4 5350, Z. Chen and
Chan (2024) W78 TAEGIEALSS S AT BRI SR ARG R . X IO EE T IR S 1R AT 4
HREMRAA KRB, DARAIERAIRI T h ALRBE B L. BFE B, Al—FhE Rt T S E
i — M E IR T SRR 7HER, T ARSI A TR “EER” . AR T A

93X BRI 4G : Bolster, Comprehensive, Contextualize, Crucial, Delve, Elevate, Empower, Encompass, Escalate, Exacerbate, Foster, Founda-

tion, Imperative, Interplay, Intricate, Leverage, Multifaceted, Navigate, Nuance, Paramount, Resonate, Stringent, Underscore, Unravel, Unveil
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5 AT GEMIFE R, TEBIEES Y, AT /N EZR AR /K- AR AP (Noy and Zhang,
2023); U AWACEET AL B, AWLETER—E RIS 745 R (Vaccaro et al., 2024),

R EARE , ToIeX TIE KR B BARMIETE S, AT #n] ARSI & SCF i it RO
B HOAL O ORI NS SR X T98E AR RE )N RIS E , AT n] DASRAEADN B 3Rak . JRTM, R
TP SO IR AMEAFIESK , D AN BAE XIS U ToER

6 MUY AL

e KAEZWT IS, WA G IS BEE (RA) R ZAEr Iy, MhATRERS 73 H SCHREE
B R A BEAAR SRR AR R AL T AR A0, KIBEFERAH L, IEikmsk By Bhor” A2 A5l nl & .
B NBAE (R BRI, 15 SR T R BE TR BT 5, BF 508 T AR TS S A 20 1 EL b i AT
KREFEMATLS . B0, WRIAFRYITZOR B hiR S5 S0k AR SO 3R BUE S A BibTeX
FH . IR R B B s S S . BFFEE ToTG P AR E SR & A S IR AL 2 ke
J1, WFEAE T AR BRI B, A RER R S N BT RS B | R
a5 SR T .

6.1 KRB BRHR— By

SR S (LUMs) {5 B SRS B ERIE ), (HB S0 R R, Rttty
Y 7B “$2R TA (Prompt Engineering) . H5-UrHi0 4% AEGS WS R T BIM AR 4 210
MR, AT A TR & R R LA . HO B ROl 9 R — ORI, I AT A5 & 2 AR F IS DA
HIR A 45 1 5

AR RIS A . B R Ml S84 (Role & Tnstruction) . 7EILH
I, WRICH I E OB SO f . (B, “URR— (A APA A% 50 “Act as a Python
programmer specialized in data cleaning”) 3 I BT MM EIEIT S . $5FRYFIE T, WAL
Fb . TSR s 2 DA BT (T AT MU SR . DI, OCSEBEI Bt Skt o344 ]
LRSIl (CEELOIIZES R THP 55-LHT (APA Tth) HUERIHL.

HU, SEF R IR R R R B AT, 51 ARG (Few-Shot Examples) JH A2
FOSEms . LA 1 3 4 “HA-Hh FOMEORED], BIBAEASIEE < L F3E)” (In-context Learning)
B YR (45 BRS040 AU . B, SRR R i S M0 SO Ay BibTeX. 4 FB, 423k
R T IR S S A TR o 20 X TR E I R AR IR S (175 TR S
BB | TR T LA DL WS

TR, H P AL B B B e A SCAS (Tnput Data) . BB R FETHLR AR, HE R 50
T3 SRR AT ST K 5 . S T RS BRIV RS 4 7 59 A, T DA PT343 A4 (Delimiterss),
HELERRER: (). S (F) B SUREE (1 <data>...</data>) . BCRRGEHILIS 1A B T4
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BUERA AT S 2R 5 i 2 I AR 7

BT LD S, BEIEE LR LAs 2 MR R A AT R o AR A A, T A 2
R, RELIATRUAL G S TR A SR (B4, BIRREKAE U] LaTeX booktabs AR =25k, st ih
JSON W LRHY AT BL) o X THFE—E 2B TS (ARSI SO B IR E (5 BT R )
ATDAG [ AR 248 1% (Chain-of-Thought, CoT) AN, RIZHREA “Jen B i%, MaHmAER"
XA RESE R AL S5 I ERf M, A < AR AN, X T RIS, AR
W R N TN, BTN TLS, 2P HRE I SREE A

RGN, PR TR R — kA (Tterative Refinement) AL, BFFH 7 BARSEHBI
BRI, AR SEE RN RITERE . G50 AR Bl AR R, i SO B R B e U s T . Ak
FEARIT R IE X SR TR S 55605, 2B PRRTR S AR IR MO . ATSERY RIS B, AR
W8 BB S5 PR, THET RO RIHHE S K .

6.2 SEMISVE IR

KB F AL B R AR AR 1T AT Bh IR S se R R ER AT S . B, ANHETIEESH E AR
B2 % kA AR, R RS SR BT & R EARS Wi KIE SR BB AR i ok L TR A stk
0

T A ORI, APA #5:

<data>

1.Xie, X., Zhang, J., Luo, Y., Gu, J., & Li, Y. (2024). Enterprise credit risk portrait and evaluation
from the perspective of the supply chain. International Transactions in Operational Research, 31(4),

2765-2795.
(B Z 3CHkE) </data>

R T FEIRBORE LK, AT DA B 8 7s BIA R R DA 2 2] SRTIMAEIR 7 i) 24 v AT m] DA
FFMI L ERYE S A B BibTex A%

Create biblatex: The Effects of a Multifaceted Poverty-Alleviation Program On Rural Income and
Household Behavior in China

Rui Li

Hong Song

Jun Zhang
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Junsen Zhang

American Economic Journal: Economic Policy (Forthcoming)

TEBLIETRT B SO AL AT 55, —feNTR BT IR IREE S Tfe, RIVR] A5 LB e afh iy e i . IRERE %
] AEFECAA S B AL

H— MBI TR RAEAR R FATA AR Excel 803 Txt SUPFRAZ A%, H ORIV
LaTeX #8350, M TR IRHX—RTE—ENEENIES , BBOTERERS . KERMEAESEE
R e A5 S, AT 4 VR & B HERR o

Transform to Latex Table.

(1) (2) (3) (4) VARIABLES Full Sample No Elevator Elevator Full Sample

floor 52.ATHH* _194. 3%k 123 4%%% _104.3%%* (4.601) (26.47) (7.495) (26.47) elevator 3,201%** (237.1)
1.elevator#c.floor 70.83** (27.51) Constant 43,357*** 44,034*** 47 235%** 44 034*** (78.89) (180.5)
(153.7) (180.5)

Observations 311,647 131,523 180,124 311,647 R-squared 0.000 0.000 0.001 0.003 Robust standard

errors in parentheses *** p<0.01, ** p<0.05, * p<0.1

6.3 BHE B kS

RGBS A IE R BeAR, R R WXER— 25 . BSOS IR U, A 4
REEAFFEUIFEE T I, (BRSSO 20, JCHRAERT S R R B, 24
PR E R E—DRR IR “PHE I . Tl — 2 5B RS , IS0 AT DA A0 WY ify e
T R A AR — R UG, TPABSRORRIA Se MBSOk, AR5 MR SRS s i S, dE—2P 20K
R fr] PR SRS PR TR o

— SO SCHRRE AV FR T TBE R KU PGSR, X BRI ? T AL R R B TS R 2 i, Al By
22 VS 84 AR o T3 55 18 T RS BRI A 5 1 |8 2%

(Gemini 2.5 Pro [H]25H )

MR s Rl BT 29 AR ] e th XU DRGSR At ad A

TEMIRG TR A G S, FEReA S R SR, KR SRR A — 2 mr e B B
WPER T2, MG KA TR IS AT A HAE .
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— M B BN RO EARSITE R U(x,y) = 2%y' ™, BHAFN por +pyy = 1. HHAL
B HRBE, HESIRIH BB N« FIRTA y B S BUR TR R AL

B2 2 RGN BRI B H BR R, S — B 26, IR I i R R T SR R Bk e XA R AN (L RE PR
BIGER, T AHIREAIEDTTEE H O FahifE Sd A @ mEm o iR,

IR, FEN X LEs RN RERS , 20 e P Al LA AU, Hrb e D “Heegd s, RN/
Dy PR SO PRk E i E ek AN i s 3w S R SVl R N T = v 2 o € 0K W 3 s PR I e A N
MREA R, ARSI T, B AT RE &t B — U DT S AT IR BOR TR, XA RA S EE, A
FEERALIR T ERI MRA ERYE, RIEFHIUZMAREA, WIRE TRz . o R
NREFER A P S A IS A RS Bk, B e RER B s S B TiRE e, R TR T
BANZT 2. SR KSAET, BREGEHEAATS, AR IR S A5 5 3

6.4 HHEINHY

KB TR g AR G B H i)z, HA s RIS A B as e, A B T4 ST A Al
HASHLEME . SR, (AR, YRR AR FREIE S FR R ER . RIBAE:, EEETEAL
# Python XK Ei . WIRFEMWIHFIEAHONT, K02 R ET, BHUCRHUE T LaTeX, ML
Stata X AN/ NRBGEE LSRR TE T, R BEAN 5

R T HARGEHT AT A ] BB B ACRY , FRATER Bt A2l %S BI AT: 55 2 AL PR — A - 2= R T Al B
#idE (LA Pandas DataFrame #A7A#) o £l s A2 AE 0 3 B UL s RN PELE A 1) 8, N, il i) 25cdi vT
ABfU 2y 1993 4E45 R, 1994 4R B RIS 1995 4R B E 2019 4E4E YT IESIIN, DA
2021 4AFEEE—ZRER 2024 AR = EESOIN . AT E IR RRERT, I ERIHE O Kk
— B S E S . FEXAE T, XTI, FRATH AR 1995 5 TR 2019 AESE DU FEE R EidE .

I now have a country-quarterly panel dataset in pd.DataFrame. However, for some countries, the
observations are not consecutive (i.e. there are gaps). For example, Germany may have observations
in 1993Q2, 1994Q2, 1995Q2-2019Q4(consecutive), 2021Q1-2024Q3(consecutive).

Write program to keep the longest consecutive observations for each country. The quarter variable
is string type like “2021Q1”. In the example above, for Germany, only 1995Q2-2019Q4(consecutive)
should be kept.

B

F

TG B A: R T R E R A ACRD, AR s AR 2R 2. 0, TR A M HbA
ARSI AT RAE R, BN 2 Pandas DataFrame %30, ZEARR"YYYYQX” 1%
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TR R, SR BB S BRI B i AR R AR, A R EE R BT TR T R E
AN TR BERIREER . 1A, B AP TEoR, s E A FH AP AL, s AR,
AR SR 20K . i 3R TE B R 30 TR HE BRI R B, 0T DASEZE S TR A B AR F) TS
AL

B T A BRE TS 2 A, B AR S S TR RIS I, o iU KA A 18 e B A R Ty T A
—REMEER . BIAN, R RAR A R ) B O AR A A

Please use Matlab to solve a Logit discrete choice model. Write out the log-likelihood function and

derive the gradient, Hessian, outer-product matrix and conditional Fisher matrix. Then write code.

XTSRRI, R 8 e T — A E AL DA K R TR (UMUK RS ) o« AR, Xk —
SRS ML D A SR TR, 0 BLP B RBIRIRAFAE—E XIS . DA BLP B2 il
REREAE R 25— D e BRI HEZIF 25 AR AL B Dh AR, JEykIEmf [l 51 BLP Al i 2 n s
HEH BLP AT T Z R MR 6. JUR, F5 20T RS A LU T IATR , KA 55 g 2>
SR NIRAT S5

6.5 HEPCHSAER

RSBV EA BIWTEA 53 5 — A, Rl B ) SO B B S Bt . T, IR SR 2 hE08
UL G S SO R BIA AR B o — 28R B 28 n] DA —BEAS CZIARAE) PR Al AR 547 IX—fE
THE MR TR P AR A . BRIz Ah, BRI T OCR hEE, HILn AKFPIF S EER . B
i, AT LA AR A — AR BAE, R EORHg iz B ST 6 2 AR

ARG SN, i ix B A e B St e 2 P R AR Gy . (B BB ERE)

FATAT LARE— 2P il R F AL APT SCBIDA Ead B 4B A 3l ik . Bel, W] PAZERORE S A2 A ] JSON

R, Bl

TEIRGESCIE N, % BAE 4 BRI 2 (= 2] PR R RAE G . DA JSON A, wBriuds: {(“8

27 (RBLR) 5 “Em7: (BeF), “ikdn”: (BEPRMAZERE) b (i EEEERILE)

JSON Hg=X T A E A Python AN, MM SR m 1 A B R
FANTHAE B REAR A B, s KA B A Fy (B £ -
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T <example>, ¥ <data> W AR JSON 18X, —BRETH—ITHHE. HEER,
T — A TR, WILPABREIET:: HEZRAY TR, &5E1% R TIER; SR RBummR.
TR {RBEAT - CKIRERT A HT s g s CHRAL 5 R GEEZ, RIEZ, BB
9, BIWH, EAK, B, EREIRAT)}

<example>

input: 72020.05-2021.03 b4 &L HZR/Fid. CEK”

output: { “EUHFEH” 1 2020 4F 5 H; “AILAFEH”: 2021 4 3 H; “HH7: WALE; “Hgd: YT
PRAL7 BZEREHRC. REEKS “@al: ARG

< Jexample>

<data>

1994.09-1998.06 T dL. 48 B K240 AR T & k24>

1998.09-1999.06 {iJt4y BB A\ A 22 i o AR

1999.06-2001.03 f[dt48 28 & 5 B UF AR T K KB A w4 A Ab

2001.03-2002.09 L4 % & B AT AT KX ERIAE

2002.09-2003.05 648 %% 5 i A REURFHF9E R 5
2003.05-2004.11 fi[Jb4s Z8 5 B i N RBUNIM A L7 G —FHRL5
2004.11-2006.04 {648 %8 & 5 A RBUFIM A Z4G ZRHRIRH
2006.04-2008.09 b4 28 5 B N REBUNIMA BL5 G _FRHC
2008.09-2010.03 b4 % & B N REUF AT EG AL A K

2010.03-2011.04 b4 %8 2 5 N REBUFEHA = 34T
2011.04-2015.04 WAt BB AR H T . HpAZE AT
< /data>

AT RHBNAR AT AU, BPEE . BEIsr. . KGOS 2 WEIT S AR B 21
R, MR XRAH R RLsa s 7. R R, XSS B AP E 2 AR AEOR
2y IXAWRARMEH F XER A S EAR DT . [ T DTS BERIASL, A EIEIR. B bR A SR
FEL, ] DA A2 A ) o B P S5 A R

6.6 fiGELHtHibs

AL KB T RA ARSI R, IR B ZRE S AL 2455, BIInS @ Aras, #RnTpAth
AT RBIRSE . Btz Ah, KRR, LA hEE, ISR TIT S TR SR 250 Kok (2025) #HXf
RAEERAE VT SRR AT 1A Erik, RN IFEHELA B TAhseid I . B 2 RS R e
K, IARGER. FREEGHEI T B S5 ZEZ R TEAE.
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P RO e AL Gifibs (8RBT AT AT A O A AL 58 SCA /3 A i R MR AR, B A0 SCAG 5 . iX
— RN ] F R BORRIE SR A T SO /AT 55

IR SRR TR R BGE SR8 (LLMs) M SCA 32 A5 S ATTUI 45 @i 37 . 72 B8] 320 35000 5 1
J. Chen et al. (2025) % #, FIJ] ChatGPT 734 «H/RHT HARY BB 28 m] AT B iy A 22 5 . At
IRIWTFERET, X ADTIN E ) 32 2T BB X AR B S A L, SEHAEZ B T ATHUE B E thm iy
WY, ChatGPT A5 s U i ¢ AH S R 50 B 5 T R PSS o ZEREERTE %™ € J7 T, Lopez-Lira
and Tang (2023) WER] T RIMEEECA S0 L1 TR B AlIZE , ChatGPT BB 45 AR SR B0 A2 3, 3L
TR T 58 v . IASEL RRAS U5 5 OR300 00 B ) 1) 5 225 e T BT Re RS P UE 45 X 5. il X T
Al FE e T ST, BB AR IE AR U2 R AT, TSR AR I SCA I 26 IR B R 250 B . Jha
et al. (2024) WAL AT B U T 2B T2 5 1 .

eSS BN A4, Y. Chen et al. (2024) BT DI FIFHIS i Aifiid, @ KRBT 0 7=, Wi 755
NF-RANIIERC SRR AR . SMARE , R BSOS B E LG dabr, W AR T SCAR A i B AR M
JE, (Rl T I R bR i 100 R

PR . SHEERR A DD RERRE R BT [ T 355 DS, AR AR A2 B ARTR & AT B
155, (X S5 A B 28 5F SRl SCAR AT b B D o B AT I, I RAT 5 B SO AR AL T
TR .

5, AT ABOROB P 2 57 T2 0, BB <5 SRS, I 2OREANFEA H OAES EH B TXER
KT . Bybee (2025) BEAIHIX AL, A 7KK 120 SEMAETT . KBHUE BT S S50
BRI R V) fr, ICRERTE B BT s DLAY L il B 5 7 BB PEIUMIAY R GU P 22 . BTk 22k JiU A 751
W, EEWE T — MR LT TR, ST T AR s LA TR B 4 R e TR
A S A AR AR AR I, S AT R v A B P 1R BE SR A T B A SIAIE SCHF

IR A P BE B m] AR R4 (Story) FMIALEE (Narrative) o #eRIAEE T 25 £RMHES
AT A EER W (Shiller, 2017), {HAALZ Fi i) SCA M7 IAME ASE BURI AL X 26 & . Fong and Gui
(2024) FIH—MELSCFEIRE, ZOREFHRANREC A B WSS, HR RS SR R
TR —Fp B i . A PG SE BRI R SRS R L G Y, W PARERHCE (Surprise) 5 i AR i Fhk
I A ST Z R B, & ARSI E M (Uncertainty ). BFFCAIL, XARET RIIEME:
BT R B BE A SR TR SRR UOR , 3R] TR . ABE SRR T R 5e . PRE . SRS
Fr AT e

Jha et al. (2025h) F I RABZE SCASHEIIRE, LRI EEE MV AR AL BE R, I RO
A A B S AR SCZ IR RE o ABATROBFE A B, SRR S0, R el AR R E P R
B2, X — 5 Al b 6 T £ A ShBILAH 5%

SCAFIABIARM TG ST TR B . Kozlowski et al. (2019) 52X J5 1 AL AT, il HAL
e SOl — 8 SRR ) B 2 (B A A SXAULEE 878 T RACSCAE AT Y3 4E . Jha et al. (2025a) # 1]
JNASE GG A, T “BRE A REC . AT S R ANE F RO T LA IR 2 A AL AN 6
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LB . AN IETAN G 28 BIAT RPN, I TS SR 28 B AP, e SON B Rl 28 4E 1
R, W TFRR AR S SR IR T, RS SR 2 A I AR LA DU, PR E A By
Frmmig, wiiss] T R4 e

KR AR bR (e f 8 o A R ] DA SR A BIBE A, BSOS R T SCAR 0T
HIRERMEE AR WUz F52E, R R T SCAR AT A7 A T B )

L. fEAFFESR, Wfitfe “Hi 2" (Look-ahead Bias)?
2. MENGTARSR LR, U]k oo Bl A 2R R B2 7 i AR AL i ff s

Hoo, “HIUmZE" R h T RE TR IR E A TAREZIE R, X 0] R EUI
P A TEAEAR I BN BE 7« BN, HERE RIS SR M Z e, th T HARUIZhad AR i C s T 24 b
AP eSS, BMEAG BRI NOEE, ERIRTTLA “IHZ” R WA T A Z O . X 22T
FEEAEM S A T A8 s B Al o F A SR b S BT 220 77 SO PRl . —240J. Chen
et al. (2025), HCENIEFBZURRELIE (Knowledge Cutoff) HISHITIINGE 2Lk, HHIEZEFARE,
YU B 00 BE 9 KR SR B 20 IR R Bkl s & dllLopez-Lira and Tang (2023) R A5 Fil
773, BRI R L BT SCARBEA T BN, X S8 SCAS M R A AN GRS AR AT S T e o

Hlk, AEREEen R, B ] REREE RIS s i A AR A 28 Ak . 31 e ) KA 247
BEUIRE R B AR R SCAS KRR EE S, ANl R W] BE 2 2 H A BEBUR N R 8 R [R] A F s ) o mT
RES BRSNS EAR IR A BRI AT AP BE . 41X I, Ludwig et al.
(2025) 42 T — TR ATFAHERIT A T — LSl BRI e, SR SUR I SR T A B
WFFEE I 2GS TR, 5 ST 2 B SCAR AR, I 58 HOBT R SO SCAZEAT N TR, AT AR
AR ATARPRIEEE . U, KRBT DA N B A5 SO Rt Hah b TR, RIFESS TE I E L,
WREE KBRS KB SO fee, BN KR IAREAAE R I o BIF9E38 B2 AN TARVE R R
e, XA A ARTE 4 I R IR T A

wa, WEBRERARE, MBI E L THE R A A LTI LA 58—, RO i B Al Y IE
T A ARAS , TR L AT RS T T o AR BEHEATTT A, A RO B R SO 2 R AT BE i
Mo Bian, “0=AEw i, 1= HAMm, 2= WRIEHE, 3= JEFIEH” 24+ “0-100 Mns”. =, FEX
BPEAT R R, SRR IR I E S, R B ™ 2850, 5=, MR R A i
JERE, Sk R ek IR, R IR ANIE, AIMPRIE RIS <87, 5P, aIDUR 2R ek
PR S AT R T A o BUINTERSI R BE RO, AT DASELE— SRR B o T N 2, Bk —A
PN ELL SEYSELY AL IR VG R
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7 TENEREAA AL

RIS T i A A5 M B TR AT A RE ), IEZE U AR Z AN B RE 4 (Agent ). A
T RERF T HAF (Bahavioral Science of Artificial Intelligence ) 1EFE 8k —4NiG BRE #2401 4, (Manzoor
et al., 2024; J. Meng, 2024), E7e¥ifE. @IS N LR BENITH (Manzoor et al., 2024).

VERBFTE NRAT R ST EE R 2K, AR AL ATR? AT, X BRI E L
AW HE, RIS R AT S M N LR — MBI SAT A TR, IBANTH
REAEA A N AT AR AL TN BB . 2] T RE ANRATHSCRI AT, A RERA —EMIZILaESs, M
TR &R T AP R AT AR AT BT IR IRER,, KINETEAT A, A Ae Nt
S TIIE . (HR TSR, TR AL X ASAT T RE I MIBREE . oo — 5, BiEE N TR hE
Ok Z g i A AR (BIHNBEYE AR S ) , e RF F AT AR S BB AR AT =
FH o H 5 N AT R 22 B R TE R o

7.1 YORERIAEHIA AT T N

BOTPIAEA, — RO SOOI 2 B A1 AR AE T T 95 e 3Bt 4K )7 1 2 PR
VRPEREHE, IFERAE S ML R, . 5 AEEE5E R, Y. Chen et al. (2023) BT BRHE R AFEHEI
T RBP4 R B M R VR H A KT IAT & R PR R A A B . Mei et al. (2024) WI7E
{37 B R AT T IR, 95 AR M TR He . RS T, BRGNS AR
W AT AR, ELCRER S S X T O Rs, RO RO A AP, Horton (2023) MRS ACHITIEF
TR IE . MR B AR SRR £ R A BN, Bk AT SR T Ve
TP, G IR R TR TV PR FH T 200 B T SRR , 1k 5 SERR R g
SR

TERF ST, Y. Chen et al. (2028) 4531 T ChatGPT fEMILIgE s 194 . BFFcx T
BT 18 R LKL, AR SR A A A S B A AT BB I, R IUAEAT R
M ChatGPT L 5 ASHIMEIRIL, i B s . R BB RIE S0 0Y . 76 ) 32 B S BB T
ChatGPT F R FUA R BERG—80kE . 56T DAL KB B AE A0 , Tranchero et al. (2024) 421k T
AHESE, BB 57 34 PO LRI AT, FFEE T IORIINT F1 EHAT o (R4 35 1) M 5 G

B T BERABIRAELT fA (I BOFHUL PERE, AT — B BFIT R AR 0 A 264 . #1201, Lippert
ot al. (2024) XFH T ABIFI AL ZMF K MBS SRMBINEE S, KB GPT-4 WyEAV T GPT-
3.5, HHEALLRZHMEA Y S —8M:. Luo et al. (2025) i F KA E T 40 22 Rl 7 10 1Y SE 56 45
W RIHTIER R T AR TR,

DAL —RIUBFF R, K S R AT ATE — 72 1 P A A BRI A AT X — e ik £
FRETTIHLE T WA H0 . — 27T AR KB W SR RE AR, Qin et al. (2024) #5051 54i# MTurk
Tty TR BINAG AT Turk”, P T DASGE S DA B A LGS T4, SRJR T AT RS,
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BRI S, ST AT HOBHIEER, BFICH TR S0 E ARSI T RAE . R A
BRI, (e AT 2 B, 7 DR AR AKX 2 BT RS .

7.2 ZRREARBGUAL S Gg)

MR A2 IBALZ [RIFATACH., ST 2 BRI R GE, I AT DAREATAE AR, B anik AR AR
W RN FIESFETH3C 5« AR R T R, 72 L BB TR T AR ¥ (Agent-based Mod-
elling, ABM)., &4 ABM ZEBUR . a4 h AR s 0L, (HMER ER AT R D HZX % (Farmer
and Foley, 2009). ABM FEZ:5f2 i AR, nTREA AN - — 712 B o s D i e e Rer ok, i
AR CRAET, SRR EER PR O R T AT A 2 R (Ad-hoc)
Bk, XA —EMFEIL, UARFAEETA TR L HESR . 5P R ABM AH1L, BT AT K
B AL AT REAS S AT SO N SA TR, AT R0 THE AR s i R A e s Al s i % 2,
HEFHUSRAE T HZ A R RERTFFEFUVRTFEE T RIS RIS R, 5IAET AT REAY)
ABM fE18 Jy G 1AL FHA L B e BT %) 7 YA A B

FEAE BB THE SR B T, THENRE R AT FR R R-—28, Gao et al. (2024) Y
LERSCERGE T AL R AL SBIIRE . WNETFHAER , ML Z 5T BORIEATEAU ] BE Rk A LS
YWY HZ—. B, Liet al. (2024) BT RBAGEAT T RWSTEI, T T2 REAY A (Universal
Basic Income, UBIL) X35 825 (T RBSZ M0 o A LE AL BRAR I 10 Ge T 24 AE 207 5 IS it Hh i
OITRARTRY., AHFSEE AT AR G5 BRI AN [6] TR S 1 52 00 DA S s 4528 o

LU A — D FEE AR AR AN RETAT RIS BB R BIE . TR AR AT A A
WAL AT R, FEMBIIGIR b S g5 T A, SR ANV BIE, BAAEANEAE L P TRAE. BT XA,
Manning et al. (2024) 27 “Hzhfbit&F2” (Automated Social Science) FUMEE, FHAEZLMFST A EH
JER T e AR AT AT SERASE . DABFFEIRAN A R ot 20T A 52 i R 28 S A9 DR B AT i S ) ) A2
PR, AR SE I SE . 3207 PR B s DA S S0 S A% BT BESE MR FI G4 2R . #2Fok, l B AL B4
anin], T PR R R TR b E S R BUEOR BEA TN RS S  BlSTE R R SE I, SO ISE T & H O — R
A, T H BT W R R ER SR, WG] RINRAISCARFIR A SR . #eE, FI AR
— TR B SCA TR BT 5 B . SR PREREAL (Structural Causal Model) , Al B Fx TR
FILERA5Z0 . Manning et al. (2024) AF5E A, A0 T EHZORIBIALTIN A5 R4, ZEORIBIALE /A
P S B AR BRI 153 T ] R 45

7.3 AR LSRR PR PR

RAEET AT BRI IR E S A g, SN R 2 8 H BRI — R AAER R R . S5,
ANTEGEHA RSP FT RO AR S, MEIIIEPR B BISE 7, A St — BRI BkER. FA17E
BETHE AN W AT AR AR A, DA SRR FLAT DR R AR WK 80 g )AL

B ICRAT IR AR L. FeA1RE, KiEE RN A L 5T d AR e T et Ry,
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TR TR EAN TS 5 T 1A, ChatGPT 45 F RN Il Zhad A B2 h S REAS A R A R 325,
PRHCAT AR R BB BE 22 S 14 B SR T AR RIS R 4r . Qu and J. Wang (2024) F1I A i 540
WA 6 2 B, TR 5 R REAS B A s U DASC R AR P 7 B AN AR E R B M. Motoki
et al. (2024) W% B, EAVEATAOMIEITEOL T, KIEF B BOA L 7 ATE S0 g 0] - 2 A R 3252
E PR RS E P Toe, HABIER 260 FRaE. B, FEf M ROE SRR AT B, A 2T
REAFAERI AR ORME MR HEA T 0 E o A BEI , WT RETS 20 138 24 A B B2 S R E A TR, AT B 5 H
FR R B (L O -

HYGR I 5L SRR T RER K ZR o SAEFAN TR ATE S 1 J2 TR TR RE A RN D GE v 24
fit WA B FENEIE TS AR BEN UL T, (B ASE R T2 T 7RI I sese . ARk — M, iE3A]
KOWBEZEEN D e {0,1}, NHGIEEREHEBUEILHN X, (X, D) BAMAFURFRFER, mEIIK
IR AR Y o T RBARGE &0 (D, X) MR Y, ERIMZIRER LR 4R
SR

EY|D=1,X)-E(Y|D=0,X)
HL AT AR Y, KRIEL4  A ST AR I . HAAY X b i & R 2 st &, LR TR
WP (Y(1),Y(0) L DIX W, KBTS AF T ok 458 2 224 T AR R R 2R AR
FATEE— BB T RBEHX — . FAT A R 3 X n] AR R IR, BT AR i /R i) -

System: You, Al, are a customer interested in carbonated soft drinks. You are in a store. You see a
12-can package of Regular Coca-Cola. There is a User asking you questions. The User will first ask
you the likelihood of purchasing the product. Just give the User a number between 0 and 100. Next,
the User will ask you other questions.

User: The product is priced at {PRICE}. How likely are you to purchase the product?

L PRICE (UM, WP A BLOMAS I SRR L P BEA M. A A SRR IR L7 UE—230
P AEL, RAEGA N 2] LRI A BT, Sk F7m (A3R) ks KRB 4 BTt R AAR
FFEFORITE “HARSAEAAE” MR, AR A R AR Y e K SR A THE PR A 24 . A eI il 5
SRS Iy, KA RERU S 1) AR R 2R

8 MMk Al

N TEREAMT AN BT, b0 ARCH 522 KA WO . FESAARTIRME AT, Blp R
Tl A R PR AN Ty, 10 AT A ASRBERS B AL . 5 ARIACR T, AT &R ], Aef s
2hesl, ALK ZRYRAMESCL IR . 5 KA AL WHE TR BT . 2 h s, s R
AT R AR e
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BN, Z3F by AL BURFTZSHE, AL 2LORR VTSROV FEEm =2 ke, W eAs
AT PEATRLDOE , RO 4E s 2w T AR5 A SRk iy, AT nT AR BURBCEI . R A X R &
RN T N I G, (HRETERFE 7 T PR SRR 09 SO o FRATHEX BLPR (it —SE T REAG R, fHESE8 4]
THm B .

8.1 FRALIPLILSZ JsdtiX

XA AR PO AL ATRAUSC S SR OL S0 . AL RERS AT Y AT A S, FFRIIH 5
ARISRPFETT ], SR B B AL L
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